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Abstract  

Based on panel data collected from 41 countries over the period 2007-2017, this paper 

analysis how population ageing affects technological innovation through three aspects 

from the perspective of human capital: the loss of knowledge and talents; reverse force 

and knowledge spillover. In this paper, the technological innovation index (TII) is 

calculated by using the factor analysis method. Further with this, a fixed-effects 

regression model is applied to discover that population exerts a significant positive 

effect on technological innovation through reverse force, while exerts negative effects 

on technological innovation through the loss of knowledge and talents and knowledge 

spillover. 
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1. Background 

From the 1980s onwards, population has been an issue that attracts relatively less 

attention as the endogenous growth theory emerges and develops (Lucas, 2004).  

Nevertheless, the issue of ageing population has worsened on a continued basis over 

the recent years. As indicated by World Population Prospects (2019), the proportion of 

older people (over 65 years old) has increased from 5% to 9% during 1960- 2018. By 

2050, this number is expected to rise to 16%, while in the more developed areas like 

Europe and North America, a quarter of the population will be over 65 years; the 

proportion will be doubled even in less developed areas like North Africa, Asia, Latin 

America and Caribbean. 

Population ageing and the decline in the proportion of working-age population has a 

profound impact on economic and social development on a global scale: population 

aging has aroused people's concerns about taxation, savings, per capita income growth, 

labor supply, medical expenditures and economic security for the elderly. How to 

address the challenge posed by ageing population has drawn increasing attention from 

both the government and the academic field (Bloom et al., 2015). To mitigate the 

negative impact made by ageing population, many countries have taken corresponding 

measures: delaying the retirement age or taking incentives to delay retirement; 

overhauling pension financing; reducing welfare growth; expanding investment made 

in education and improving the participation of women, immigrants and the elderly to 

increase effective workforce.  
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In the academic field, the concept of innovation can be traced back to 1912, in the 

Theory of Economic Development, the innovation theory was first proposed by 

Schumpeter (1912), he also proposes that innovation is introducing the new 

combination of a new production factor and a new production condition into the 

production system. The scope of Schumpeter's innovative notion is widespread, which 

encompasses technological innovation and non-technical organizational innovation. 

Back in the 1960s, Rostow (1962) puts forward the Rostovian take-off model, where 

the notion of “innovation” was developed into “technological innovation” and 

“technological innovation” was raised to take up the dominant position of “innovation”. 

Since the 1970s, the studies conducted into innovation were advanced and systematic 

theories started to develop. Prominent scholar Freeman (1973) holds the belief that 

technological innovation represents the first transition of technology to being 

commercialized. 

In the exogenous growth model established by Solow and Swan in 1956, technical 

progress was added to the production function as an exogenous variable, which better 

explains the economic growth. In the endogenous growth theory formed in the mid-

1980s, some economists like Romer (1994) and Lucas (1988) begin to regard 

technological progress as an endogenous variable, and since then technological 

innovation has been considered as a driving variable of economic growth and 

development. 
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According to the OECD (2004), technology and innovation are the key factors in 

improving productivity, employment, economic growth and individuals' well-being. 

On the firm level, Aghion and Howitt (1992) indicate that in the context of endogenous 

growth theory, innovative companies tend to executive monopoly policy to take the 

leading position in market competition, thereby increasing economic productivity. On 

the national level, by studying the impact of technological innovation on economic 

growth among 12 countries in Latin America, Bujari and Martínez (2016) find that 

innovation activities such as R&D investment and patent applications have important 

implications for economic growth. In addition, R&D will promote the economic growth 

through the improvement on total factor productivity. Litsareva (2007) find that the 

Asia-Pacific region has greatly enhanced its regional competitiveness by increasing its 

knowledge economy and pursuing positive policies for innovative enterprises and high-

tech industries. By studying the R&D expenditure, innovation and economic growth of 

13 high-income OECD economies, Guloglu and Tekin (2012) find that R&D 

investment increases with market size which could generate innovation and increase 

economic growth, successful innovation activities can also attract a higher investment 

in the R&D department. 

Previous researches about population ageing predominantly concentrated on how 

population ageing affects savings, labor supply, government public expenditure and 

social security. The studies on ageing population and technological innovation are still 

relatively rare, so given the increasingly important economic status of population 
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ageing and technological innovation, an analysis of the association between ageing 

population and technological innovation will be performed from the perspective of 

human capital in this paper. 

The layout of the paper is as follows. Section 1 introduces the background, Section 2 

presents literature review, Section 3 lists the relevant data, Section 4 conducts an 

empirical analysis, and Section 5 presents the conclusion drawn from the study. 

2.Literature Review 

2.1 population and technology 

The exacerbation of population ageing and the rising status of scientific technological 

innovation in economic growth have composed the two main backgrounds of this paper. 

Besides, there are some classic theories in respect of the association between population 

and technology in economics. 

Malthus (1798) considers population as an endogenous variable in the process of 

economic growth: when average income increases due to the progress in technology or 

the discovery of new resources, it is always accompanied with population growth, 

which in turn brings a decline in average income. In the long run, the average income 

level remains the same, technological progress cannot improve individuals’ living 

condition, this is known as “Malthusian trap”. 

As explained by Galor (2005), the " Malthusian trap " has dominated a period of human 

history for quite a long time. However, the situation has changed since the industrial 
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revolution. With the rapid growth of productivity brought by large-scale industrial 

production, average income has increased rapidly, individuals finally jump out of the 

“Malthusian trap” and truly experienced the benefits of technological progress. 

Despite the increasing size of the population, the population growth rate is not growing 

continuously. According to Warren (1929), after the population expansion that lasted 

for some time, the leading developed countries and some developing countries around 

the world have undergone a decrease in population growth rate or even transformed 

into a negative population growth rate country, which is known as "demographic 

transition".  

When discussing demographic transition, the demographic dividend is also a notion 

worth mentioning. According to Bloom and Williamson (1998), the demographic 

dividend period usually refers to the historical period in which the proportion of the 

working-age (15-64 years old) population in the total population of a country continues 

to rise during the development process, with that of juvenile and elderly population in 

decline on a continued basis. As reported by Lee, Mason and Miller (2000), during 

the demographic dividend period, due to changes in age structure, sufficient 

labor can provide positive support for economic growth, and the country 

will thus receive the first demographic dividend. Nevertheless, various 

factors like the prolonged average life expectancy, the growing personal 

savings and assets, and the expansion of high-quality labor force during the 

demographic dividend period will exert a positive effect on economic 
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growth continuously in the wake of the first demographic dividend period, 

which is known as the second demographic dividend. During the second 

demographic dividend period, population ageing will play a vital role in the 

demographic trend, and it will have a permanent positive impact if the 

capital received from the first demographic dividend will be directed at 

making investment in technology. As the research object in this paper is 

population ageing, to prevent the impact of the population base on the results, the total 

population will be taken as a control variable. 

To explain the economic inequalities in various countries and regions, Galor (2012) 

proposes unified growth theory and explains the importance of human capital in the 

production process. From the Malthusian trap to sustained economic growth, there is a 

significant increase in technology and a slowdown or decline in population growth. 

Also, the investment in human capital triggered by technology progress can further 

stimulate technological progress, thereby resulting in a sustained economic growth. 

2.2 Population ageing and technological innovation 

When reviewing previous literatures, some studies discover that population ageing 

exerts an adverse effect on technological innovation. By studying the case of Japan and 

China separately, Tian Xueyuan et al. (1990) and Yao Dongmin et al. (2017) all indicate 

that population ageing will put more strain on pension and erode scientific research 

resources, thus exerting a negative effect on technological innovation. 
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In some studies, it has also been discovered that population ageing has positive impact 

on technological innovation. Frosch and Tivig (2009) applly patents to denote 

technological innovations and discovered that the number of patents has positive 

association with the percentage of the elderly population in Germany. 

There are also studies where population ageing is discovered to create both positive and 

negative effects on technological innovation. By studying the case of China, Wang Wei 

and Jiang Zhenmao (2016) find that population aging has both positive and negative 

impacts on technological innovation from the perspectives of individuals, enterprises 

and regions. Population ageing is speculated to impede technological progress by 

putting more pressure on pension. Besides, it may also prompt individuals to pay more 

attention to human capital investment and transform economic growth methods to 

promote technological progress. 

As reported by Rumberger (1981), education brings various benefits to both individuals 

and society. It plays a significant role in developing skilled workforce, thus achieving 

social mobility and sustained economic growth. Galindo (2013) indicates that a better 

economy situation can also provide better material conditions for improving the 

capability of technological innovation capability in the region. Von Tunzelmann (1997) 

points out that industrialization may have a promoting effect or hindrance effect on 

technological innovation. On the one hand, the achievement of inventions requires the 

assistance of industrialization. On the other hand, if a specific region places too much 

emphasis on industrial production and thus overlook other factors such as technology 
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research and development, it may also adversely affect the improvement of 

technological innovation.  

In summary, population ageing could affect technological innovation of a country or 

region. Based on these studies on population ageing and technological innovation, this 

paper will analyze the association from the following aspects: the loss of knowledge 

and talents, reverse force effect and knowledge spillover. Total population, 

industrialization rate, education and GDP will be taken as control variables.  

2.2.1 The loss of knowledge and talents 

It is challenging for elderly workers to embrace information technology, which will 

reduce the proportion of high-skilled labor in the R&D department. Behaghel and 

Greenan (2010) find that when companies apply advanced information technology, 

older employees are less likely to receive training in computer applications and 

teamwork. Noda (2011) uses product quality improvement index as a proxy for 

technological innovation and progress and finds that the change in demographic 

structure resulting from population ageing can shrink the proportion of high-skilled 

employees in the R&D department, thus exerting negative effects on the innovation 

ratio. Dixon (2003) also explains that increased information technology penetration rate 

may put older workers at a disadvantage in the labor market. Additionally, he also 

points out that workforce skills remain reliant on knowledge stocks obtained before 

entering the labor market or in the initial stage of a personal career. As the average age 

of labor participants rises, this skill inventory may become increasingly obsolete and 
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bring negative effects on innovation and productivity. This paper will use the number 

of technicians and researchers in R&D department to see if there is a reduction of the 

high-skilled labor force or not. 

2.2.2 Reverse force 

Ageing population may have a positive impact on the labor productivity. Many scholars 

notice that with population ageing, the scarcity of labor will produce a “reverse force 

effect”, which will compel enterprises to apply more machineries and equipment to 

enhance labor efficiency. As indicated by Scarth (2002), Lee and Mason (2010), in the 

case of labor shortage, to keep the momentum of economic development, society will 

be reliant on the improvement of labor skills to replace the low-skilled labor, thereby 

increasing labor efficiency. Romer (1987) and Feyrer (2007) also prove that population 

ageing could be conducive to enhance labor productivity. The studies as mentioned 

above reveal that with the assistance of “reverse force effect”, population ageing can 

exert a positive impact on the labor efficiency for scientific research workers. 

In this paper, high-technology export is taken as a proxy to assess the labor efficiency 

of the labor market to verify whether population aging has a reverse force effect for 

technological innovation. 

2.2.3 Knowledge spillover 

The knowledge spillover between different age groups can be positive or negative. 

Disney (1996) indicates that mature labors tend to have a higher average work 
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experience, which may have a positive impact on productivity. As discovered by 

Ashworth (2006), Kuhn and Hetze (2007), from the perspective of skills training, 

experience transmission and knowledge loss, population ageing may have a negative 

impact on the level of human capital in R&D department. 

Audretsch (1995) proposes the Knowledge Spillover Theory of Entrepreneurship and 

explains that knowledge spillover can be expressed in the form of startup companies 

and self-employment rate, talents can use their knowledge in startup companies and 

generate knowledge spillovers. By studying the case of Germany, Audretsch and 

Lehmann (2005) use the number of startups near German universities to measure 

knowledge spillover and find that the Knowledge Spillover Theory of Entrepreneurship 

also works in regions and industries. 

Jaffe, Trajtenberg and Henderson (1993) point out that knowledge spillover does show 

traces and exists in the form of patent inventions on a frequent basis. Acs, Anselin, and 

Varga (2002) also validate patents as a technological change and novel knowledge. 

Zachariadis (2003) studies US manufacturing and find that the increase in R&D 

investment spurs an increase in patents, which in turn leads to greater technological 

advances, thereby promoting economic growth. Meanwhile, there are also opponents 

for using patent application to evaluate knowledge spillover. Bottazzi and Peri (2003) 

indicate that unregistered knowledge will be missed by only using the patent application. 

Griliches (1990) explains that there are significant differences in the technical and 
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economic value of various patents, which is unmeasurable, using patent applications as 

a proxy means that the patents are all treated equally. 

Since this paper studies the knowledge spillover caused by population ageing among 

countries, given the unequal national policies for startup companies and different 

university academic standards, this paper will use the number of patent applications to 

measure the knowledge spillover of the entire labor market.  

2.3 Technological Innovation Index 

From previous researches, most of the articles cover the research and development 

result of technological innovation. Meanwhile, the advancement of technological 

innovation is closely associated with a combination of education, financial backing, 

infrastructure and other factors. To measure the technological innovation index 

comprehensively, factor analysis method will be taken to ensure the objectivity of the 

research results. 

By using the knowledge production function, Griliches (1979) finds that investment in 

R&D may increase the company's knowledge stock, thereby bringing innovation and 

higher productivity. Crepon, Duguet, and Mairesse (1998) establish the CDM model, 

which lays the foundation for many innovative studies. By studying innovation at the 

firm level in Europe, they prove that R&D investment can contribute to innovation 

output, thereby increasing productivity and economic growth. By studying the case of 

France, Germany, Spain and UK, Griffith et al. (2006) also verify that companies with 

higher R&D investment are more likely to achieve innovation. To reflect the capability 
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to support regional innovation from the economic base, this paper will take R&D 

expenditure as a proxy for measuring technological innovation index. 

Leonard (1992) points out that the continuously updated knowledge stock enables the 

company to continue exploring and keep the innovation vitality, so as not to jump into 

the comfort zone and lose competitiveness. By studying the case of Korea, OECD 

(2000) finds that developing countries that have successfully transitioned to 

knowledge-based countries will have strong competitiveness due to the booming 

development of high-tech industries and information and communication technologies, 

the knowledge stocks have become a core factor for the global economic and social 

development. Similar with Kumar et al. (2016), scientific and technical journal articles 

will be taken as an indicator to represent knowledge stock. 

With the release of the Global Information Technology Report (2006), the world 

headed into the fourth industrial revolution, where innovation is increasingly reliant on 

digital technologies and emerging business models. Countries, enterprises and 

individuals will have more reliance on digital technology than the past. Meanwhile, the 

advanced Information Communications Technology (ICT) facilitates the production 

and communication of products, also contributes to the innovation system through 

increased productivity and efficiency, reduced transaction costs, improved market 

access and sustained growth (Baller, Dutta & Lanvin, 2016). In this paper, Mobile 

Cellular Subscriptions and Secure Internet Servers will be used as proxies to 

demonstrate the ICT level. 
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By studying the association of education, innovation and economic growth in China, 

Zhou and Luo (2018) find that investing in tertiary education can improve the scientific 

literacy of the nation and gradually increase the accumulation of human capital, thus 

bringing about technological innovation and progress. In addition, technological 

innovation and technological advancement will further promote economic growth. 

Finally, Economic growth makes more educational investment possible, thus 

promoting technological innovation and progress. In this paper, expenditure on tertiary 

education will be taken as a proxy for measuring technological innovation index. 

As indicated by Erdal and Göçer, (2015), foreign direct investment (FDI) is one of the 

most important factors for achieving high economic growth in developing countries 

and regions. With financial capital, technical knowledge and management expertise 

obtained from FDI, host countries can greatly promote the productivity and innovation 

activities. In addition to obtaining monopoly rights, tax and cost concessions (Erdal & 

Göçer, 2015), there will be a R&D spillover effect in home countries through outward 

FDI, which could promote domestic innovation (Alazzawi, 2012). Considering the 

positive effect of FDI on both home and host countries, this paper will take FDI as a 

proxy for measuring technological innovation index.  

In general, this paper will take expenditure on tertiary education, R&D expenditure, 

scientific and technical journal articles, FDI, mobile cellular subscriptions and secure 

Internet servers as proxies to evaluate technological innovation index. 
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3. Data 

To observe how population ageing affects technological innovation from a broader 

perspective, all countries with sufficient data will be taken into consideration in this 

paper. Due to the large amount of missing data, this study deleted some national 

samples; for a small amount of missing yearly data, use moving average to complete 

missing values. After data manipulation, the entire database involves 41 countries，in 

which the composition of developed and developing countries is relatively average, the 

time period is from 2007 to 2017, all original data before per capita processing are 

collected from the World Bank Open Data. The technological innovation index system 

involves Expenditure on tertiary education (% of government expenditure on 

education), Research and development expenditure (% of GDP), Scientific and 

technical journal articles (per 100 people), Mobile cellular subscriptions (per 100 

people), Foreign direct investment, net inflows (% of GDP) and Secure Internet servers 

(per 1 million people).   

Independent variables and control variables are shown in table 1, corresponding 

descriptive statistics are shown in table 2. 

Table 1. Independent variables and control variables 

Age dependency ratio, old (% of working-age 

population) ---ADR 

The ratio of people age over 64 to the working-

age (15-64) population, reflect the situation of 

population ageing 

Technicians & Researchers in R&D (per million 

people) --- TRD 

Use interaction term ADR*TRD to reflect the 

reduction of the high-skilled labor force in R&D 

department 
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High-technology exports（current US$）--- 

HTE 

Use interaction term ADR*THE to reflect the 

reverse force 

Patent applications ((per 100 people) --- PA Use interaction term ADR*PA to reflect 

knowledge spillover. 

GDP per capita (current US$) --- GDP Represent the economic development situation. 

Industrialization rate --- IND Represent the industrialization situation. 

Government expenditure on education, total (% 

of GDP) --- EDU 

Reflect financial support for potential 

knowledge innovation. 

Population, total --- POP Reflect the overall population base 

 

Table 2. Descriptive Statistics 

Variable  Obs  Mean  Std.Dev.  Min  Max 

 TII 451 0 .758 -2.049 2.948 

 ADR 451 20.646 7.461 7.104 36.276 

 LNTRD 451 7.639 1.14 3.665 9.201 

 LNPA 451 6.48 2.534 .693 12.596 

 LNHTE 451 22.07 2.327 15.91 26.121 

 EDU 451 5.314 1.32 2.779 9.51 

 IND 451 25.766 6.453 9.368 42.916 

 LNGDP 451 9.72 .951 7.115 11.543 

 LNPOP 451 16.376 1.541 12.649 19.6 

 

 

The difference between the maximum and the minimum value of Age dependency ratio 

is massive, which indicates that there is a considerable difference in the Age 

dependency ratio between different countries. The mean value of Industrialization rate 

is 25.766, with the range between 9.368 and 42.916, which indicates that there is a 

significant fluctuation in industrialization situation among different countries. 
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4.Empirical Analysis 

This paper takes the panel data of 41 countries (excluding countries with severe data 

loss) from 2007 to 2017 as the research sample, and panel regression is performed to 

conduct empirical research into the impact of population aging on technological 

innovation. Technological innovation index is used in this paper to quantify 

technological innovation, which is a comprehensive index calculated by the factor 

analysis method. Therefore, this empirical analysis consists of two major sections.: one 

is the measurement of technological innovation index, the other is to perform panel data 

regression to analysis the effects of population ageing on technological innovation. The 

steps to carry out factor analysis in this paper is following a guide book written by Paul 

(1994). 

4.1 Calculation of Technological Innovation Index Based on Factor Analysis 

As indicated by Archibugi and Coco (2005), the most common way to obtain a 

compound variable is to weight the indicators together with estimated weights, but the 

choice of indicators and weights is sometimes not objective enough. The factor analysis 

method proposed by Adelman and Morris (1965) can be recombined based on the 

information of the original variables to find the common factors, thus simplifying the 

data to obtain a more objective compound variable. 

Factor analysis is primarily reliant on the idea of dimensionality reduction. Compared 

with multivariate regression, factor analysis is capable to prevent the problem of 
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multicollinearity in case there are a larger number of variables, and to extract multiple 

linear combinations from the original variables while ensuring that majority of the 

information is retained. This is conducive to reproducing the relationship of the original 

variables in an efficient way, thus achieving the goal of dimensionality reduction. An 

n-dimensional original random variable can be written as: 

Y = (Y$, Y&, … Y()* 

The linear replacement can be expressed as： 

(F$, F&, … F()* = AY 

Where A is an n-dimensional vector. When the variance of F$ is sufficiently large, F$ 

is capable to encompass as much information as possible on X. Other F- also requires 

as much information as possible that contains the original variable Y, but it is incapable 

to cover the previously reserved F$ information, which means the two main factors 

are irrelevant to each other, and the covariance is 0. The most common method of 

extracting factors is the standard proposed by Kaiser（1960）, which is to keep factors 

with eigenvalues that are greater than 1. Griden (2001) also explains that indicators 

with eigenvalues less than 1 are considered unstable, and their interpretation of the 

overall variable is low, so it is not recommended to keep them in the analysis. So the 

number of principal components in this paper is premised on the standard that 

eigenvalues are greater than 1. After the principal component is determined, the scores 

of the variables on the principal component can be ascertained. Subsequently, the 
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principal component factors are named based on the rotated load matrix, and the 

comprehensive scores of the variables can be obtained by calculation. 

4.1.1 Variable Selection and Correlation Analysis 

Tertiary Education, Research and Development Expenditure (R&D expenditure), 

Scientific and Technical Journal Articles (STJA), FDI, Mobile Cellular Subscriptions 

(MCS) and Secure Internet Servers (SIS) are selected as proxies of technological 

innovation index in this paper. A correlation analysis is conducted in Table 3. As shown 

in the result, there is a significant correlation between the four correlation coefficients, 

for which it is sensible to conduct factor analysis with these four factors. Despite this, 

it requires further testing to ascertain whether it is appropriate or not. 

Table3. Correlations analysis 

 Tertiary 

Education 

R&D 

expenditure 

STJA FDI MCS SIS 

Tertiary Education 1      

R&D expenditure .276** 1     

STJA .336** .798** 1    

FDI -.075 -.097* -.066 1   

MCS .207** .149** .250** -.050 1  

SIS .113* .238** .349** -.025 .119* 1 

**. Correlation is significant at the 0.01 level (2-tailed). 

*. Correlation is significant at the 0.05 level (2-tailed) 
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4.1.2 Factor analysis suitability test      

This paper uses SPSS to perform Bartlett test of Sphericity and Kaiser-Meyer-Olkin 

（KMO）Measure of Sampling Adequacy, the specific results are shown in table 4 

below. 

 

Table 4. KMO and Bartlett's Test 

Kaiser-Meyer-Olkin Measure of Sampling Adequacy. .609 

Bartlett's Test of Sphericity Approx. Chi-Square 615.013 

df 15 

Sig. .000 

   

The KMO value is calculated by making comparison of the correlation coefficients for 

all variables. As explained by Cerny and Kaiser (1977), a larger KMO value indicates 

that it is more appropriate to conduct factor analysis, if KMO value is below 0.6, then 

there is no sufficient sample. The KMO value for this paper is between 0.60 and 0.69, 

which is mediocre but still acceptable.  

As explained by Snedecor and William (1989), Bartlett's Test of Sphericity can be used 

to check the redundancy between variables. From the result, the chi-square value of the 

test is 615.013, and the P-value is less than 0.05, which means there is no redundancy 

between variables, for which the principal component analysis can be conducted in line 

with the standard judgment criteria. 
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4.1.3 Comprehensive evaluation of technological innovation index 

From the Rotation Sums of Squared Loadings, the cumulative interpretation rate of the 

first two factors to the sample variance is 66.845% (the criterion for the selected factor 

is that the eigenvalue is greater than or equal to 1), which means that Tertiary Education 

and R&D expenditure can explain 66.845% information of the original variable.  

 

Table 5. Total Variance Explained 

Component 

Initial Eigenvalues 

Extraction Sums of Squared 

Loadings Rotation Sums of Squared Loadings 

Total 

% of 

Variance Cumulative % Total 

% of 

Variance Cumulative % Total 

% of 

Variance Cumulative % 

Tertiary 

Education 
1.269 37.811 37.811 1.269 37.811 37.811 1.170 34.834 34.834 

R&D 

expenditure 
1.003 26.711 64.522 1.003 26.711 64.522 1.202 32.011 66.845 

STJA .945 15.748 70.270       

FDI .857 14.280 84.550       

MCS .742 12.368 96.917       

SIS .185 3.083 100.000       

Extraction Method: Principal Component Analysis. 

 

From Rotated Component Matrix, R&D expenditure and STJA have higher loads on 

the main factor Tertiary Education, while Tertiary Education and MCS have higher 

loads on the main factor R&D expenditure. Then calculate the scores of the main factors 

by the factor score coefficient matrix and comprehensively evaluate technological 

innovation index. 
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Table 6. Rotated Component Matrixa 

 

Component 

Tertiary Education R&D expenditure 

Tertiary Education .401 .445 

R&D expenditure .824 .215 

STJA .888 .219 

FDI .183 -.852 

MCS .274 .420 

SIS .578 -.084 

Extraction Method: Principal Component Analysis.  

Rotation Method: Varimax with Kaiser Normalization. 

a. Rotation converged in 3 iterations. 

 

Then calculate the scores of the main factors by the factor score coefficient matrix and 

comprehensively evaluate technological innovation index. 

 

Table 7. Component Score Coefficient Matrix 

 

Component 

Tertiary Education R&D expenditure 

Tertiary Education .122 .323 

R&D expenditure .392 .029 

STJA .424 .020 

FDI .269 -.812 

MCS .060 .327 

SIS .322 -.193 

Extraction Method: Principal Component Analysis.  

Rotation Method: Varimax with Kaiser Normalization.  

Component Scores. 
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The main component scores of each country can be calculated with the result obtained 

from Component Score Coefficient Matrix, the calculation formula is: 

F. = A-.y- 

Where i=1,2…4，j=1,2(stands for 2 main Component), 	A-.	represents the factor score 

of the i-th variable of the j-th principal factor. Based on the variance contribution rate 

and weight of each factor, the total factor score of the main components of each country 

can be determined, which is: 

Y=(34.834%*F$+32.011%*F&)/ 66.845 

4.1.4 Technology innovation index comprehensive score ranking 

This paper ranks the average scores of the composite factors for 41 sample countries 

from 2007 to 2017. From the result in table 8, the ranking of each country’s 

technological innovation index roughly conforms to its economic development level. 

The countries with higher levels of economic development tend to manifest relatively 

better technological innovation capabilities. In contrast, the countries with lower levels 

of economic development tend to show lower technological innovation capabilities. 

The US shows the highest technological innovation index, followed by some European 

countries. Moreover, there is also a significant difference discovered in the 

comprehensive innovation index of every single country. 
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Table 8. Technology innovation index comprehensive score ranking 

Country 
Average 

score 
sort Country 

Average 

score 
sort Country 

Average 

score 
sort 

Finland 1.3468 1 Lithuania 0.2329 15 Cyprus -0.4454 29 

Singapore 1.2730 2 Italy 0.1695 16 Argentina -0.4560 30 

Denmark 1.2475 3 France 0.1456 17 Bulgaria -0.4600 31 

Sweden 1.0985 4 Malaysia 0.1443 18 Latvia -0.4693 32 

Austria 1.0778 5 Serbia 0.0229 19 Chile -0.5765 33 

Norway 0.7311 6 Spain -0.0027 20 Brazil -0.5859 34 

Germany 0.7298 7 Portugal -0.0524 21 Thailand -0.7005 35 

United States 0.6000 8 Ukraine -0.0553 22 
Costa 

Rica 
-0.7167 36 

Iceland 0.5704 9 Poland -0.1023 23 Colombia -0.8089 37 

Korea, South 0.3934 10 Slovakia -0.2098 24 Mexico -0.9361 38 

Estonia 0.3309 11 Romania -0.2955 25 Malta -0.9562 39 

United 

Kingdom 
0.3197 12 Hungary -0.3139 26 Guatemala -1.0845 40 

New Zealand 0.3006 13 Tunisia -0.3313 27 Moldova -1.0869 41 

Czech Republic 0.2809 14 Ecuador -0.3696 28    

 

4.2 Effects of how population ageing affects technological innovation 

On the previous section, this paper obtained the core variable --- technological 

innovation index through the factor analysis method. The following is a regression of 

the panel data, aims to analyze how population ageing affects technological innovation. 
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4.2.1 Model 

Similar with Behaghel, Caroli and Roger (2013), this paper will use interaction terms 

to capture the effects of population ageing on technological innovation, 3 following 

models will be established as followed: Equation (1) is applied to test the loss of 

knowledge and talents. Equation (2) is applied to test the knowledge spillover resulting 

from population aging. Equation (3) is applied to test the reverse force effect. 

TII-3	=β5+β$ADR-3×LNTRD-3 + β&ADR-3+β<LNGDP-3+β?Ind-3 +

βBEDU-3+βELNPOP-3+ε-3  (1) 

TII-3	=β5+β$ADR-3×LNPA-3 + β&ADR-3+β<LNGDP-3+β?Ind-3 +

βBEDU-3+βELNPOP-3+ε-3  (2) 

TII-3	=β5+β$ADR-3×LNHTE-3 + β&ADR-3+β<LNGDP-3+β?Ind-3 +

βBEDU-3+βELNPOP-3+ε-3  (3) 

Where i indicates for country, t denotes for year, TII refers to Technological Innovation 

Index, ADR represents Age dependency ratio, old (% of working-age population), TRD 

stands for Technicians & Researchers in R&D (per million people), PA indicates for 

Patent applications, and HTE stands for High-technology exports. LNGDP, IND, EDU, 

LNPOP are control variables, indicates for the natural logarithm of GDP per capita, 

industrialization rate, the proportion of total education expenditure to GDP and total 

population respectively; 	ε-3  is the error term，β5…βE  are the parameters to be 

estimated. Equation (1) is applied to test the loss of knowledge and talents. Equation 
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(2) is applied to test the knowledge spillover resulting from population aging. Equation 

(3) is applied to test the reverse force effect. 

4.2.2 Stationarity test 

Although this paper selects a panel data from 2007 to 2017, to prevent spurious 

regression, this paper will conduct unit root test on each variable. The results of LLC 

test (Levin, Lin & James, 2002), ADF test (Dickey & Fuller, 1979) and PP test (Phillips 

& Perron, 1988) are presented in table 10. From the panel unit root test, the variables 

are stable after first-order difference. 

Table 9. Panel unit root test 

Variable 
LLC Test ADF Test PP Test 

Stationarity 
Statistic Prob.** Statistic Prob.** Statistic Prob.** 

TII  1.02851  0.8481  59.3608  0.9719  183.275  0.0000 Non-stationary 

DTII -7.82166  0.0000  152.158  0.0000  255.763  0.0000 stationary 

ADR -3.73620 0.0001 87.5574 0.3169 16.1008 0.9998 Non-stationary 

DADR -11.1203 0.0000 145.788 0.0000 114.415 0.0105 stationary 

LNTRD 0.91999 0.8212 74.3060 0.7150 140.930 0.0001 Non-stationary 

DLNTRD -10.9110 0.0000 219.253 0.0000 366.754 0.0000 stationary 

LNPA -0.79886 0.2122 107.136 0.0327 194.046 0.0000 Non-stationary 

DLNPA -10.9649 0.0000 197.803 0.0000 398.670 0.0000 stationary 

LNHTE -14.1213 0.0000 87.3207 0.3232 98.2773 0.1062 Non-stationary 

DLNHTE -12.5846 0.0000 178.211 0.0000 334.189 0.0000 stationary 

EDU 0.30708 0.6206 43.6456 0.9998 43.8953 0.9998 Non-stationary 

DEDU -21.9044 0.0000 257.289 0.0000 345.574 0.0000 stationary 

IND -12.7708 0.0000 2.52234 0.9942 174.054 0.0000 Non-stationary 

DIND -18.3810 0.0000 373.863 0.0000 411.930 0.0000 stationary 

LNGDP -3.33268 0.0004 83.9332 0.4200 146.301 0.0000 Non-stationary 
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DLNGDP -15.7337 0.0000 360.404 0.0000 518.668 0.0000 stationary 

LNPOP -0.91562 0.1799 67.1765 0.8816 242.772 0.0000 Non-stationary 

DLNPOP -7.12759 0.0000 109.914 0.0215 236.863 0.0000 stationary 

 

4.2.3 KAO panel co-integration test 

In the previous unit root test, all variables are stationary after first-order difference. To 

prevent spurious regression, this paper will conduct a panel co-integration test by 

performing KAO test (Kao, 1999), the results are as followed: 

Table 10. KAO cointegration test 

     
        t-Statistic Prob. 

ADF   -3.898184  0.0077 

     
     Residual variance  0.023134  

HAC variance  0.021678  

          
 

From the KAO cointegration test, the statistical value is -3.898, and the corresponding 

p value is below 0.05. Therefore, the null hypothesis that there is no co-integration 

relationship should be rejected, that is to say there is a cointegration relationship among 

the variables, which means there is a stable equilibrium relationship over the long term.  

4.3 Regression analysis 

Before the regression analysis, this paper will select the type of the model by F-test and 

Hausman test. Firstly, conduct a F-test to see whether a mixed regression model or an 
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individual fixed-effect regression model should be established. The F statistic is defined 

as: 

F =
(SSEJ − SSEL)/(N − 1)
SSEL/(NT − N − K)

 

Where	SSEJ indicates the constraint model, which is residual sum of squares of the 

mixed-effects model; SSEL denotes the unconstrained model, which is the residual 

sum of squares of the individual fixed-effects model. The unconstrained model involves 

N-1 more estimated parameters than the constraint model. N stands for 41 countries; 

T=11 represents that 11 years of data are selected and K represents the number of 

selected variables. If the value of the F statistic is beyond the threshold value of (N-1, 

NT-N-K) at 0.05 significance level, then the hypothesis of setting up mixed-effects 

model should be rejected and an individual fixed-effects model should be established. 

Secondly, conduct Hausman test to see if the paper should establish individual fixed-

effects model or the random-effects model 

H0: individual effects are independent of regression variables (individual random- 

effects model);  

H1: individual effects are related to regression variables (individual fixed-effects 

models). The results as shown below: 
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Table 11. F-test and Hausman Test 

Test cross-section random effects 

Test Summary Chi-Sq. Statistic Chi-Sq. d.f. Prob. 

Cross-section random 132.5711 6 0.0000 

Test cross-section fixed effects 

Effects Test Statistic d.f. Prob. 

Cross-section F 41.7920 (40,404) 0.0000 

Cross-section Chi-square 738.1204 40 0.0000 

   

From the F-test, it can be seen that F statistic is relatively large and the corresponding 

p-value is below 0.05, for which the null hypothesis of mixed-effects model should be 

rejected, and the fixed-effects model should be established. Besides, the P-value of 

Hausman test is below 0.05 as well, for which the hypothesis that the random-effects 

model is better than fixed-effects model should be rejected and a fixed-effects model 

should be established in this paper. 

Since this paper selects 11 years of data from 41 countries, it is possible that different 

individuals have heterogeneity. Therefore, a Residual Cross-Section Dependence Test 

and Panel Cross-section Heteroscedasticity LR Test will be conducted in this paper, the 

results are shown in the following table: 
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Table 12. Residual Cross-Section Dependence Test and   

Panel Cross-section Heteroscedasticity LR Test 

 

Residual Cross-Section Dependence Test 

Test Statistic d.f. Prob. 

Breusch-Pagan LM 1988.119 820 0.0000 

Pesaran scaled LM 28.84465  0.0000 

Pesaran CD 26.79465  0.0000 

Panel Cross-section Heteroscedasticity LR Test 

 Value d.f. Prob. 

Likelihood ratio 253.4396 41 0.0000 

 

From the results, the p-value of LM test is below 0.05, for which the null hypothesis 

that there is no cross-sectional correlation should be rejected, which indicates that the 

residual sequence shows cross-sectional correlation. The p-value of LR test is below 

0.05, foe which the hypothesis that there is no heteroscedasticity should be rejected, 

which indicates that the residual sequence has cross-sectional heteroscedasticity. 

Since residual sequence has cross-sectional correlation and cross-sectional 

heteroscedasticity, Panel Corrected Standard Errors (Beck & Katz, 1995) will be used 

to estimate the parameters in this paper. To facilitate the direct impact of population 

ageing on technological innovation, this paper estimates the equations without 

interaction terms, the results are summarized in the following table: 

 



 30 

Table 13. Parameter estimation result 

Variable 

the loss of 

knowledge and 

talents 

knowledge 

spillover 

reverse force 

effect 

ADR 0.0936*** 0.0987*** -0.0024 

 (0.0309) (0.0168) (0.0250) 

ADR×LNTRD -0.0012   

 0.0029   

ADR×LNPA  -0.0023***  

  (0.0008)  

ADR×LNHTE   0.0037*** 

   (0.0008) 

EDU 0.0172 0.0194 0.0174 

 (0.0122) (0.0129) (0.0113) 

IND -0.0101* -0.0087 -0.0102* 

 (0.0057) (0.0054) (0.0047) 

LNGDP 0.4660*** 0.4441*** 0.4178*** 

 (0.0181) (0.0197) (0.0244) 

LNPOP 0.7845*** 0.9149*** 0.8983*** 

 (0.1933) (0.1817) (0.1751) 

C -18.9518*** -20.8970*** -20.2630*** 

 (3.2120) (2.9787) (2.9203) 

F-statistic 321.0327*** 321.9110*** 321.3470*** 

Adjusted R-squared 0.9703 0.9700 0.9706 

Obs 451 451 451 

Note: Standard errors in parentheses. ***, **, * denote significance at the 1%, 5%, and 10% level, 

respectively. 

From the result, population ageing does weaken technological innovation through the 

loss of knowledge and talents, but the effect is insignificant; population ageing has a 

significant negative impact for knowledge accumulation and technology accumulation 
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in technological innovation field; population ageing could promote mechanized 

production, thereby increasing production efficiency and positively affects 

technological innovation. As for control variables, education, GDP and population have 

a positive impact on technological innovation; the industrialization rate has a negative 

impact on technological innovation.  

5. Conclusion 

Based on the factor analysis method, this paper measures the technological innovation 

index of 41 countries from 2007 to 2017, and performs fixed-effects model to carry out 

how population ageing affect technological innovation through three effects in 

perspective of human capital. From the result, the scarcity of labor caused by population 

ageing could help increasing the output of high-tech products through the increase in 

productivity, thereby increasing technological innovation capacity; population ageing 

has a significant negative effect on skills, experience and knowledge transmission, 

thereby impeding technological innovation; population ageing also has a insignificant 

negative effect on technological innovation by reducing the proportion of high-skilled 

labor in the R&D department.  

One limitation for this paper is that the unregistered knowledge like skills and 

experiences will be ignored by only using patent application as a proxy for knowledge 

spillover. Moreover, it is impossible to distinguish the differences in the technical and 

economic value of various patents, which is not rigorous enough. Another limitation is 

that when measuring Technological Innovation Index, to distinguish Technological 
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Innovation Index and Innovation Index and keep the causality between independent 

variables, this paper only take 6 factors into consideration, which can be a bit narrow. 

Also, Kaiser criterion is criticized for its tendency to over-extract factors (Bandalos et 

al., 2008). Even though this paper select limited number of factors to conduct factor 

analysis, for future studies, this can be solved by estimating confidence intervals 

(Larsen & Warne, 2010) when there are more factors taken into consideration. 

In general, in terms of human capital, it takes time for elderly workers to grasp the 

information technology and rapidly changing knowledge. However, the consequence 

of the second demographic dividend is permanent. Also, learning Information 

technology is a process of learning- by-doing, the ability of aged workers to learn about 

information technology and the necessary technological skills is also growing over time. 

In order to maintain a sustainable technological innovation and economic growth, it 

would be helpful to invest more on technical skills training for all age groups when a 

country transform from first demographic dividend period to the second demographic 

dividend period.   

Another thing that need to be aware of is that even though population ageing has a 

significant positive effect through reverse force, it has also been proved that 

industrialization rate has a significant negative effect on technological innovation, 

which proves the theory that when a country puts too much emphasis on industrial 

development, they may ignore things like culture, environment and policies which can 

cluster talents and create innovation (Von Tunzelmann, 1997). Furthermore, OECD 
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(2012) argued that if one country only chooses to develop popular but inexperienced 

industries like high-tech industry, then it may be costly without any benefit because of 

huge competition, so it is important to keep a balance between various industries. 
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