

  sustainability-14-14586




sustainability-14-14586







Sustainability 2022, 14(21), 14586; doi:10.3390/su142114586




Article



Scientific Research of Innovation Ability of Universities in the United States of America and China



Chunlian Chen 1, Babar Nawaz Abbasi 2,*[image: Orcid] and Ali Sohail 3





1



Postgraduate School, Shanghai University of Electric Power, Shanghai 200090, China






2



School of Education, Zhengzhou University, Zhengzhou 450000, China






3



School of Public Policy and Administration, Xi’an Jiaotong University, Xi’an 710000, China









*



Correspondence: babarnawaz205@yahoo.com







Academic Editors: Pilar Azcárate Goded, Rocío Jiménez Fontana and Esther García-González



Received: 9 September 2022 / Accepted: 3 November 2022 / Published: 6 November 2022



Abstract

:

A better understanding of the universities’ ability to innovate can assist policymakers in identifying the key strengths and weaknesses and policy changes required to improve a nation’s innovation performance. However, no nation’s innovation system is the same as another due to various factors; thus, each system is unique and must be understood in this context. Hence, this study investigated the innovation ability of universities in the United States of America (US) and China from 1996 to 2021 using the system GMM technique. The findings of the study can be grouped into three themes: (i) research and development funding, the number of researchers engaged in research and development, and the number of colleges and universities influencing the impact of the innovation ability of universities across the countries; (ii) the innovation ability of Chinese universities is converging with that of US universities; thus, the gap between the innovation ability of Chinese and US universities is being narrowed—hence, declining; (iii) the innovation ability of Chinese and US universities improves the level of labor productivity, employment opportunities, and income classification group of the countries.
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1. Introduction


Innovation is considered a key driver of growth and a factor in organizational and departmental productivity, efficiency, and competitiveness [1,2]. Many organizations have declared that the ability to improve and enhance innovation and promote innovation is one of the most significant growth factors [3]. Inventions are essential to the private and public sectors and humanity as a whole. Now that innovation is the most reliable tool for changing the past and present, how to manage innovation more effectively and successfully remains a question. Therefore, this question is fundamental in education because it is recognized as the second engine of human progress. In 2014, Forbes released an article about the future of higher education and how it depends on innovation. It is a topic that is more pertinent than ever five years on [4]. Institutions must adjust their economic models and service offerings as higher education grows more expensive and digital technologies become more vital to the educational experience in order to remain relevant to societies, economies, and, most importantly, students [5]. Similarly, educational innovations can be thought of as transformational processes that occur within the educational system, in how individuals learn, or in the learning environment. This process of change may be influenced by external, uncontrollable factors, in addition to being endogenous, or being guided or influenced by the learners themselves (such as students and teachers). While innovation and change are neither inherently good nor bad (since innovation can be both good and bad), teachers, students, and researchers frequently try to steer educational innovation in a desired direction of change, for instance, by making the learning process more effective or efficient. On the other hand, the role of education in the central aspect of environmental sustainability is discussed in a report of the UN system working group on the post-2012 UN development agenda to the UN secretary general [6], entitled “Achieving the Future We Want”, which proposes the development of new attitudes and consumption and production patterns that are supportive of sustainable development by providing the values, abilities, and knowledge required. For people, especially young people, to be prepared for careers that increase sustainability, they must receive the proper technical and vocational education and training. This suggests that if students are given access to an educational setting created to mold the necessary new attitudes and models, education can be effective in promoting sustainable development. Providing such a context calls for significant innovative efforts in development to address educational strategies, methodologies, and tools for the challenges of our rapidly changing world. These efforts must address globalization issues in both industrialized and developing countries, as well as the implementation of educational systems and capacity-building initiatives that integrate the disciplines of social sciences, humanities, natural sciences, and computer sciences.



However, it is nearly impossible to utter the terms “higher education” without mentioning the word “innovation”. Despite popular belief, higher education innovation is not just about staying ahead of the curve; it is also about continuing to be viable and relevant in a world that is becoming more unstable. Additionally, it involves deliberately changing the teaching and learning procedures in order to foster the growth of fresh concepts, increase creativity, foster collaboration, and advance inclusion and diversity, rather than merely disrupting them. Therefore, with higher education standards rising, it is more important than ever for institutions to think outside the box and tap into their creative imaginations.



University traditions and histories will make them resistant to change. Academic staff members within a faculty can build a privileged, frequently figurative vision of the scientific principles established in the academic peer review process, such as academic independence, academic identity, and the character of scientific research. It is well recognized that professional production and the graduation procedure are authoritative [7]. Numerous government funders, business partners, and potential students are now contesting this. One of the fundamental pillars of the historical university has been the creation and spread of knowledge. This is still common in established European university fields and is an area where many universities are excelling more and more. The willingness of the scholar to conduct the research of their choice is the essence of academic freedom. The agents of innovation, however, have the power to create or break the adopted organization because innovation is inherently risky. Thus, universities must adopt innovative ideas and strategies with the same rigor as they do in their research and teaching, yielding students and research bases to those succeeding in this field.



It will be more crucial than ever for universities to set themselves apart from other higher education providers and serve as a hub for research and innovation through the research degree process. Although this position may be at the institution, it is possible that this will not be enough to support them in the future [8]. The value of the Ph.D. itself is also starting to come under scrutiny. When knowledge is applied in a new and creative method to yield new results, research and knowledge production are transformed into innovations. The intellectual property rights accompanying such inventions are valuable to business and the economy. However, innovation must only serve to advance commerce. Furthermore, universities have a significant impact on social innovation. Universities may play a significant role in tackling social challenges by developing a new learning and innovation environment that can be handled across all sectors. Numerous worldwide societal issues seem to be outside the traditional public sector. A significant new factor is how the university views change. New partnerships in academic institutions may view change as a crucial engine of learning, creativity, and progress if universities think they can resist change by building stable environments and then adapting to it in demonstrable ways [9]. In addition, China and the United States are both faced with the challenge of expanding their innovation economies in a way that more people can benefit from them in order to ensure continued economic growth, the innovation ability of universities, research and development, national security, and global influence. Universities and research institutions are now generally acknowledged to have contributed significantly to the growth of numerous high-technology regions in China and the United States of America [10].



Hence, studying the innovation ability of universities in the United States of America and China can inform the development of experimental programs designed to produce better results. Both the US and China will benefit greatly by providing answers to the following questions. Do research and development funding, the number of researchers engaged in research and development, and the number of colleges and universities promote the universities’ innovation ability ranking in the countries? What is the possible connection between the level of labor productivity, employment opportunities, economic classification, and the universities’ innovation ability ranking in the countries? Are Chinese universities catching up with US universities in terms of innovation, since understanding whether China’s economy is innovative is still critical?



The contributions of this study can be observed as follows. First, to the best of the authors’ knowledge, none of the existing studies investigates whether research and development funding, the number of researchers engaged in research and development, and the number of colleges and universities are promoting the universities’ innovation ability ranking in the countries; moreover, the possible connections between the level of labor productivity, employment opportunities, income classification, and the universities’ innovation ability ranking in the countries also remain unexplored. The existing studies are either based on country analysis or not specifically on the universities’ innovation ability ranking but other variables, such as firms’ innovation, and technological innovations, thus only offering a theoretical contribution. Second, it is the ability to empirically examine whether the Chinese universities’ innovation is catching up with that of the US universities. Few studies, if any, empirically assess it between the two competing countries and use up-to-date data, thus offering an empirical contribution. Third, this work is the first, from a methodological perspective, to utilize the system GMM technique to investigate those relations and convergence phenomena, hence offering a methodological contribution. This technique is more efficient and resilient in treating heteroscedasticity and sequence autocorrelation than other techniques. In addition, the superiority of this technique over other techniques is that it ensures less bias and higher precision.



Therefore, this study will be of enormous importance in helping policymakers identify the key strengths and weaknesses and policy changes needed to enhance innovation across the countries. Similarly, it could be helpful to practitioners, analysts, and academics. However, the specific objectives of this study are as follows:




	
To examine whether research and development funding, the number of researchers engaged in research and development, and the number of colleges and universities are promoting the universities’ innovation ability ranking in the countries;



	
To analyze whether the Chinese universities’ innovation is catching up with the US universities’ innovation; and



	
To explore the possible connections between the level of labor productivity, employment opportunities, income classification, and the universities’ innovation ability ranking in the countries.








The rest of the study is organized as follows: literature review, methodology used for achieving the study’s objectives, result presentation, discussion, and lastly, the concluding remarks of the study.




2. Literature Review


The term “innovation theory” in the context of education is used to describe the innovation process that takes place within the educational system, as well as the novelties, activities, and environment that support innovation. Three viewpoints—socioeconomic, psychological, and organizational/regulatory—are taken into consideration when analyzing the innovation process. These elements define the broader environment and circumstances in which innovation takes place, as well as the elements that impede or support that process. The innovation process is also actively controlled rather than accidental. A crucial new management function is incorporating novelties. However, innovation activities are merely a set of procedures followed to offer an innovation process at a specific educational level. The creative exploration of novel concepts and ideas, which occasionally results in them becoming projects with standard adaptation and application requirements, is how novelty in education manifests itself. There are innovations in education, provisioning, and activity-specific management. The teaching innovation theory (innovative educational systems) and innovative learning subcategories of the innovation phenomenon are described below. The goal of teaching the innovation theory is to redesign, improve, and alter the educational system or the specific components, features, and aspects within it (creation of new legal acts, new structures, models, learning paradigms, forms of integrated linkages, etc.). The term “learning” refers to a particular kind of knowledge acquisition, which results from intentional, purposeful, and scientifically sound activities during the educational process. Supportive learning is currently being replaced by innovative learning. This is believed to be the educational system’s response to the shift in both the educational goals and the society into a more advanced stage of development.



The innovation ability of any nation is best understood as being embedded in a national innovation system (NIS), which, as Christopher Freeman defined it, is “the network of public and private sector institutions whose activities and interactions initiate, import, alter, and disperse new technologies” because a nation’s innovation success depends on its national innovation system working efficiently and synergistically [11].



In the US, due to the traditional notion that the private sector will make the best decisions on allocating research and development investments, the US is governed by a federal government system that favors a relatively limited amount of direct public sector support for innovation. Political agreement is required for research funding to be appropriated. R&D expenditures have essentially remained flat over the past ten years as a result of Congress’ refusal to fully support the Obama administration’s budget requests, which was made possible by the “sequestration” policy adopted by the Congress. Since political capacities and obligations are divided among various actors, the federal political system tends to promote a more restricted amount of direct public sector support for innovation. Despite the articulation of a national innovation strategy by the White House, the vast dispersion of authority and influence, as well as the requirement for considerable coordination across government departments, prohibit any one agency from assuming the lead in implementing innovation policy. Changes in political priorities among elected officials may affect the government’s activity in areas where it is most active (funding fundamental research and regulating company behavior) [12].



China’s public sector, which includes government organizations that set research goals and government research and development labs, is deeply involved in all facets of innovation. The presence of state-run banks and state-owned businesses supports its involvement in innovation. Due to a succession of political reforms, the private sector continues to play a growing part in the innovation system, but underdeveloped capital markets limit its position as a financier [12]. Unlike in the US, where political federalism and party competition drive public policy, China’s public policy is shaped by a highly centralized political system dominated by a single party. Because of political unrest in China throughout the first half of the twentieth century, the government could not adopt a comprehensive approach to public policy that encouraged scientific research and technological growth [13]. During the 1950s, the country adopted a Soviet model of central planning after the founding of the people’s republic, which impeded the growth of science and technology talents. It battled through the cultural revolution, which eliminated virtually an entire generation of intellectuals in the 1960s and 1970s. Deng Xiaopeng’s “open door policy” and subsequent market-oriented reforms marked a significant shift in China’s centralization of political power [14]. Over the following three decades, decentralization greatly increased local authority, including that of those in charge of China’s Special Economic Zones (SEZs), while gradual regulatory changes permitted privately owned businesses to increase their involvement in R&D and the creation of new technologies and community-owned township and village enterprises to raise private capital [15]. The majority of China’s R&D is carried out through an integrated network of private firms. In 2015, private firms contributed three-quarters of the USD 211 billion in R&D investments [16].



Despite the fact that wealthier countries were the first to benefit from technical advances, the emerging countries’ participation in the globalization process allowed them to exploit their comparative advantages better and introduce foreign capital, managerial experience, and new technology as innovations [17,18]. The extraordinary capacity of innovation to drive growth can play a critical role in maintaining national competitiveness over the medium to long term, and strengthening the national innovative capacity is critical to ensuring long-term economic growth. However, one of the most commonly used metrics of innovation input is research and development spending (R&D). R&D intensity measures the relative investment in developing new knowledge (R&D expenditure as a proportion of GDP). Some governments have made this statistic a goal to better focus policy decisions and public investment. Another element that determines innovation performance is the number of researchers and institutions in a country [19].



Thus, innovation supports economic growth, or, more simply, innovation can result in increased productivity, which means that the same amount of input results in more output. As a result, more goods and services are created as productivity rises, implying that the economy is expanding. This, in turn, supports the income classification group of an economy. [20]. Likewise, labor productivity is influenced by innovation in a variety of ways. Product innovations are supposed to boost production efficiency by creating new demand and higher value for consumers, whereas process innovations are expected to increase production efficiency [21].



Furthermore, innovation convergence between countries or regions or institutions—for example, examining the innovation convergence between Chinese universities’ innovation and US universities’ innovation—means checking whether the Chinese universities’ innovation is catching up with that of the US universities, since US universities have a higher innovation ability ranking point than Chinese universities’ innovation ability ranking point.



Moreover, empirically, a number of studies have examined innovation ability in relation to other variables or phenomena. For instance, González et al. [22] looked at the effects of R&D and worker training on innovation performance in a sample of Spanish manufacturing firms, differentiating large and small businesses, and found that R&D is a critical component in explaining corporate innovation success. To analyze their relative importance and to what degree they are complements or substitutes, Hall et al. [23] used data from a sizeable, unbalanced panel data sample of Italian manufacturing firms created from four successive waves of a survey of manufacturing enterprises. They discovered that R&D and ICT are strongly linked to innovation and productivity, with R&D having a more robust link. Huady and Orviská [24] used a regression model of panel data covering EU countries from 1999 to 2011 to investigate the impact of research and development expenditures on a country’s innovation performance and economic growth. They discovered that lagged R&D expenditures positively affect innovation performance in these countries. Savrul and Incekara [25] studied the impact of R&D intensity on innovation performance at the country level between 2000 and 2012, concluding that R&D spending is a significant supporter of innovation success. Pegkas et al. [26] examined whether R&D investment influenced innovation in European Union countries from 1995 to 2014 and discovered that higher education R&D has a positive and significant impact on innovation. Based on panel data of 164 listed enterprises in China’s A-share artificial intelligence concept sector, Dong et al. [27] used the panel fixed effect regression method to examine the impact of R&D intensity on the innovation performance of artificial intelligence enterprises and found that the impact of R&D intensity on innovation performance is positive and significant. From 2001 to 2018, Lv et al. [28] used transnational regression analysis to examine the impact of R&D spending on technological innovation in 18 south and southeast Asian nations. They discovered that R&D spending in south and southeast Asia considerably boosts technological innovation. Furthermore, research on the impact of university science and technology innovation on business performance was conducted by Ren and Tan [29]. This paper developed a two-stage DEA model for the output and transformation of scientific and technological accomplishments. The data were used from Yangtze river’s 19 provinces and cities. The results of this study reveal that while there is a significant difference between them, both efficiencies are found to be fairly stable over a five-year period. The redundant input from universities and the insufficient output from businesses are to blame for the ineffectiveness. Based on the theory of planned behavior, Wang et al. [30] investigated the research on graduate students’ active scientific research innovation behavior by collecting 684 valid questionnaires through WeChat. The results demonstrate that academic interest, regulatory pressure, and circumstances that improve research and innovation capabilities all positively affect the willingness to conduct research and innovation; however, the impact of regulatory pressure is very small. In order to investigate the effect of innovation capability on the caliber of university research, Wang et al. [31] used a two-stage DEA model. The findings of this study demonstrate that the overall quality of scientific research in colleges and universities varies significantly when innovation in science and technology is prioritized while the transformation of scientific and technological achievements is ignored. Additionally, Chen et al. [32] investigated the capacity for innovation among college students in accordance with the extenics and creativity theory. Extensive application of extenics and creative learning can more effectively cultivate students’ comprehensive divergent thinking, associative ability, problem-solving ability, and the ability to use and integrate network-based information according to the function and performance analysis of the creativity theory and extenics resource. Moreover, some scholars have been drawn to universities because they have created a complex system with various inputs and multiple outputs. The DEA model is commonly used in research due to its advantages in handling many inputs and outputs at the same time, eliminating the need to subjectively establish production functions, and giving improved routes for incorrect decision-making units. For instance, Yuan et al. [33] put forth a combined evaluation model: the delayed non-radial super-efficiency DEA model. This model can account for the lag in scientific research input and output, the ranking of evaluation results, and the evaluation of value preference defects. The model was used to assess the scientific research productivity of 36 engineering colleges and universities, and the method of comparison and verification was used to demonstrate the model’s viability and efficacy. A recent study in some UK universities compared and evaluated the efficacy of technology transfer using DEA and SFC and discovered each and every one of these studies views the university-based scientific research process as a “black box”. On the one hand, the system’s flaws are not readily apparent, and its internal workings are neglected. On the other hand, the efficiency might be exaggerated. Furthermore, very few studies have looked at how school management affects scientific research, despite the fact that academics believe that efficient school management is a crucial element of productive research. The management and environment of university research have an impact on its validity [34]. Since the quantity and quality of academic papers published by the training unit are allegedly related to the degree and set minimum academic standards for graduation and training programs, graduate students “must” abide by the regulatory environment for scientific research, possess the drive to complete learning and scientific research tasks, while being able to adapt to the regulatory environment [35].




3. Methods


3.1. Data and Variables


This study employs panel data from the US and China. To achieve the first and second objectives of the study, the variables include the universities’ innovation ability ranking (INNOVATION) as a dependent variable, followed by research and development funding of the countries (% of GDP) (R&D), number of researchers engaged in research and development (per million people) (RESEARCHERS), and number of colleges and universities (INSTITUTIONS) as independent variables, with human development index (HDI) and per capita income (GDP per capita growth in USD, annual %) (PCI) as control variables. To achieve the third objective of the study, the variables include labor productivity (labor productivity per hour) (PRODUCTIVITY), employment opportunities (employment rate, ILO estimate) (EMPLOYMENT), and income classification of the countries, which are treated as dichotomous variables, where low-income economies = 1, lower-middle-income economies = 2, upper-middle-income economies = 3, and high-income economies = 4 (INCOME_CLASSIFICATION) are the dependent variables, followed by the universities’ innovation ability ranking (INNOVATION) as an independent variable, with labor force (in hundreds of millions) (LABOR), capital (gross capital formation in local currency) (CAPITAL), and consumption (final consumption in trillion, local currency) (CONSUMPTION) as control variables. The variables, namely labor, capital, and consumption, were logged due to their size in order to tackle the problem of heteroscedasticity and efficient estimation. The period of the study is from 1996 to 2021, and the choice of this period is motivated by the availability of the data on the dependent variable and the uncovered research period in the literature. The data for this research were obtained from the World Development Indicators statistical bulletin, the Education and Science statistical bulletin, SCImago universities’ innovation ability ranking point, Statista publications, and the International Labour Organization statistical bulletin [36,37,38,39,40].




3.2. Estimation Techniques


We begin our analysis with a graphical analysis of the variables under study. The second method is descriptive statistics for viewing the statistical characteristics of the series. The third method is the heterogeneity test for checking the cross-sectional dependence (CD) in the panels, i.e., Pesaran test [41], which most researchers rely on. The fourth method is the panel unit root tests for checking the stochastic properties of the panels, namely the Pesaran cross-sectional augmented Im–Pesaran–Shin (CIPS) panel unit root test, which deals with the problem of cross-sectional dependence and heterogeneous slope coefficients [42]. However, for those panels where there is no evidence of cross-sectional dependence, the panel unit root tests, including Levin et al. [43], henceforth LLC, and Im et al., henceforth IPS, will be used. These tests were chosen because the former allows for heterogeneity in intercepts across panel members under the null hypothesis of panels containing the unit root. In contrast, the latter allows intercept and slope coefficient heterogeneity [44]. In a situation where all the variables are stationary, there is no need for a cointegration test; otherwise, there is. The fifth method is the Arellano–Bond technique, a dynamic panel model based on the system generalized method of moments (system GMM) model, which is commonly employed for panel data, and it is used because it is more efficient and resilient in treating heteroscedasticity and autocorrelation than other techniques. Arellano and Bond [45] created the model, which was later refined by Arellano and Bover [46]. Another benefit of the model over other strategies is that it ensures less bias and higher precision. Similarly, in addition to the control of individual fixation, in the presence of different sources of endogeneity, such as “unobserved heterogeneity, simultaneity, and dynamic endogeneity”, the GMM model produces consistent results [47].



For achieving the third objective of the study, the system GMM model is represented by Equation (1). Meanwhile, for achieving the third objective, the system GMM model is represented by Equations (2)–(4).


    I n n o v a t i o  n  i t   =  (  1 + β  )  I n n o v a t i o  n  i t   +  β 1  R & D +  β 2  R e s e a r c h e r  s  i t   +  β 3  I n s t i t u t i o n  s  i t   +  β 4  H D  I  i t       +  β 5  P C  I  i t   +  μ i  +  θ t  +  ε  i t      



(1)






    P r o d u c t i v i t  y  i t   =  β 1  I n n o v a t i o  n  i t   +  β 2  L o g _ L a b o u  r  i t   +  β 3  L o g _ C a p i t a  l  i t   +  β 4  L o g _ C o n s u m p t i o  n  i t       +  β 5  P C  I  i t   +  μ i  +  θ t  +  ε  i t      



(2)






    E m p l o y m e n  t  i t   =  β 1  I n n o v a t i o  n  i t   +  β 2  L o g _ L a b o u  r  i t   +  β 3  L o g _ C a p i t a  l  i t   +  β 4  L o g _ C o n s u m p t i o  n  i t       +  β 5  P C  I  i t   +  μ i  +  θ t  +  ε  i t      



(3)






    I n c o m e _ C l a s s i f i c a t i o  n  i t   =  β 1  I n n o v a t i o  n  i t   +  β 2  L o g _ L a b o u  r  i t   +  β 3  L o g _ C a p i t a  l  i t       +  β 4  L o g _ C o n s u m p t i o  n  i t   +  β 5  P C  I  i t   +  μ i  +  θ t  +  ε  i t      



(4)




where Innovation is the universities’ innovation ability; (1 + β) in Equation (1) is the coefficient of innovation convergence; R&D represents research and development funding; Researchers represent the number of researchers engaged in research and development; Institutions represent the number of institutions engaged in research and development; HDI represents the human development index; PCI represents per capita income; Productivity represents labor productivity; Employment represents employment opportunities; Income_classification represents the income classification group of the countries; Log_Labour represents the labor force; Log_Capital represents the capital; and Log_Consumption represents consumption. μi represents all the innovation abilities of the universities that we did not take into consideration; θt refers to the specific effect during the study period; εit is the error term; and i represents country i at time t. However, in order to achieve robust standard errors, the system GMM estimation technique adds robustness. Additionally, the estimation controls the fixed time effect by using a year dummy variable (time dummy variable).



Furthermore, Arellano and Bover [46] specification tests will be utilized to test the validity of the instruments in the system GMM estimation. The Arellano–Bond serial correlation test will be employed first to see whether the residuals have a second-order serial correlation; the null hypothesis is that they are serially uncorrelated. If the null hypothesis cannot be rejected, no second-order serial correlation exists, and the system GMM estimator is reliable. Second, both the null hypothesis of instrument validity and the validity of the additional moment limitations necessary for system GMM will be investigated using both the Sargan and Hansen tests. Therefore, if the null hypothesis is not rejected, the instruments are valid; otherwise, invalid.





4. Results


This section deliberates on the presentation and discussion of the study’s results. It starts with the preliminary analysis of the study, which includes a graphical representation of the variables, descriptive statistics of the variables, correlation analysis, cross-sectional dependence test, CIPS panel unit root test, panel cointegration tests, and lastly, the estimation of the system GMM model.



Figure 1 displays the graphical representations of the variables for achieving the first and second objectives of the study, namely universities’ innovation ability ranking, research and development funding, number of researchers engaged in research and development, number of colleges and universities, human development index, and per capita income. From the figure, the universities’ innovation ability ranking point fluctuates downward up to 2005 and then remains constant even in recent years—thus, a partly fluctuating and partly constant trend. Research and development funding increases throughout the period, except in 2020–2021—hence, an upward trend, except in recent years. The number of researchers engaged in research and development displays an upward trend throughout the period, even in recent years. The number of colleges and universities shows an upward trend throughout the period, even in recent years; however, there is a decline in 2016–2017. The human development index over the period continues to rise throughout, although it shows a sign of decline in recent years. Per capita income fluctuates throughout the period; however, there is a sign of an upward increase in recent years.



Figure 2 shows the graphical representations of the variables for achieving the third objective of the study, namely labor productivity, employment opportunities, income classification of the countries, labor force, capital, and consumption. From the figure, labor productivity shows a consistently upward trend, even in recent years. Employment opportunities show a declining trend; however, they are on an upward trend in recent years. The income classification of the countries is a constant trend throughout the period. The labor force shows an upward trend throughout, even in recent years. Capital and consumption show a similar upward trend, even in recent years.



Table 1 displays the analysis of the statistical characteristics of the variables for achieving the first and second objectives of the study. From the table, the mean and standard deviation of INNOVATION ABILITY, R&D, RESEARCHERS, INSTITUTIONS, HDI, and PCI of the countries are 2.3 point, 2% of GDP, 2359 researchers per million people, 3121 institutions, 0.8 index, 7.5 annual PCI growth; and 2.1 point, 0.7% of GDP, 1565 researchers per million people, 1325 institutions, 0.3 index, and 7.7 annual PCI growth, respectively. The maximum and minimum statistics of INNOVATION ABILITY, R&D, RESEARCHERS, INSTITUTIONS, HDI, and PCI of the countries are 9 points, 2.8% of GDP, 4860 researchers per million people, 5300 institutions, 0.9 index, 28.7 annual PCI growth; and 1 point, 0.6% of GDP, 382 researchers per million people, 1014 institutions, 0.6 index, and 0.9 annual PCI growth, respectively. The skewness shows that the elements of INNOVATION ABILITY, RESEARCHERS, and PCI of the countries are positively skewed and those of R&D, INSTITUTIONS, and HDI of the countries are negatively skewed. At the same time, the kurtosis ranges between 1 and 5—thus, low—which gives an insight that the data tend to have light tails. However, the p-values of the Jarque–Bera statistics for all variables, except that of INSTITUTIONS, are significant—thus, an explosive distribution.



Table 2 presents the analysis of the variables’ statistical characteristics for achieving the study’s third objective. From the table, the mean and standard deviation of PRODUCTIVITY, EMPLOYMENT, INCOME CLASSIFICATION, LOG_LABOUR, LOG_CAPITAL, and LOG_CONSUMPTION of the countries are 35.5%, 65.1%, 3.5, e19.7 million labor force, e29.4 trillion worth capital, e30.4 trillion worth consumption; and 29.2%, 5.6%, 0.5, e0.8 million labor force, e0.1 trillion worth capital, and e0.5 trillion worth consumption, respectively. The maximum and minimum statistics of PRODUCTIVITY, EMPLOYMENT, INCOME CLASSIFICATION, LOG_LABOUR, LOG_CAPITAL, and LOG_CONSUMPTION of the countries are 73.9%, 75.4%, 4, e20.5 million labor force, e31.4 trillion worth capital, e31.5 trillion worth consumption; and 3.2%, 56%, 3, e18.7 million labor force, e28.4 trillion worth capital, and e29.5 trillion worth consumption, respectively. The skewness shows that all the elements of the variables are positively skewed, except LOG_LABOUR, which is negatively skewed. At the same time, the kurtosis ranges between 1 and 3—thus, low—which gives an insight that the data tend to have light tails. However, the p-values of the Jarque–Bera statistics for all variables, except that of EMPLOYMENT, are significant—thus, an explosive distribution.



Table 3 is the correlation analysis with INNOVATION ABILITY as the dependent variable. According to this table, innovation ability is positively correlated with all the variables. However, innovation ability is adequately related to R&D, INSTITUTIONS, and HDI but weakly correlated with RESEARCHERS and PCI.



Table 4 reports the correlation analysis with PRODUCTIVITY as the dependent variable. The table shows that productivity is positively correlated with all the variables. However, there is a high correlation between productivity and INNOVATION ABILITY and LOG_LABOUR but a moderate correlation between productivity and LOG_CAPITAL, while there is a weak correlation between productivity and LOG_CONSUMPTION.



The correlation analysis with EMPLOYMENT as the dependent variable is shown in Table 5. The table shows that employment is positively correlated with all the variables, except LOG_CONSUMPTION. However, there is a high correlation between employment and INNOVATION ABILITY and LOG_LABOUR. Moreover, the correlation between employment and the other variables, namely LOG_CAPITAL and LOG_CONSUMPTION, is weak.



The correlation analysis with INCOME CLASSIFICATION as the dependent variable is shown in Table 6. The table shows that income classification is positively correlated with all the variables, except LOG_LABOUR. However, there is a high correlation between income classification and INNOVATION ABILITY and LOG_LABOUR but a moderate correlation between income classification and LOG_CAPITAL, while there is a weak correlation between income classification and LOG_CONSUMPTION.



The Pesaran test for cross-sectional dependence in the panels is shown in Table 7. Except for INNOVATION ABILITY, RESEARCHERS, PCI, and INCOME CLASSIFICATION, none of the variables in the table rejects the null hypothesis of no cross-sectional dependence among the countries. Therefore, for variables with evidence of cross-sectional dependence, the appropriate panel unit root to use is the Pesaran CIPS panel unit root test [42], while for variables with no evidence of cross-sectional dependence, the appropriate panel unit root to use is panel unit root tests, such as Levin et al., hereafter LLC, and Im et al. [43], henceforth IPS, based on the traditional augmented Dickey–Fuller (ADF) test.



Table 8 reveals the Pesaran CIPS panel unit root test results for panels with evidence of cross-sectional dependence, i.e., R&D, INSTITUTIONS, HDI, PCI, PRODUCTIVITY, EMPLOYMENT, LOG_LABOUR, and LOG_CAPITAL. The results show that R&D, HDI, PRODUCTIVITY, and LOG_CAPITAL reject the null hypothesis of homogeneous non-stationarity at the 1% level. However, INSTITUTIONS, EMPLOYMENT, LOG_LABOUR, and LOG_CONSUMPTION reject the null hypothesis of homogeneous non-stationarity at the first difference at 1%, 5%, 1%, 1% levels, respectively. Therefore, the order of integration of the variables is a mixture of I (0) and I (1).



The panel unit root test results for the variables INNOVATION ABILITY, RESEARCHERS, PCI, and INCOME CLASSIFICATION are shown in Table 9. According to the table, the LLC’s unit root hypotheses, which compare the null hypothesis of the panels containing a unit root to the alternative, whereby the panels are stationary, rejected the null hypothesis at the 10%, 10%, 1%, and 1% levels, indicating that the panels are stationary at those levels. Furthermore, the IPS test, which compares the null hypothesis of all panels containing unit roots against the alternative, whereby specific panels are stationary, rejected the null hypothesis at the 5%, 5%, 1%, and 1% levels, indicating that the panels are stationary at those levels. Hence, following the results reported in Table 4 and Table 5, all variables are stationary at those levels, implying that they are all integrated in the order of zero, i.e., I (0).



However, observing the Pesaran (2007) CIPS panel unit root test results, as well as the LLC and IPS panel unit root test results reported in Table 8 and Table 9, respectively, it is evident that the variables under study are a mixture of I(0) and I(1); hence, there is a need for cointegration in each of the four models in the study, since the variables that are I(1) appear in each of the models.



Table 10 displays the results of the Westerlund panel cointegration test with innovation ability, productivity, employment, and income classification as the dependent variables—thus, the four different models in the study. According to the table, in each of the four models, there is evidence of cointegration among the variables at the 5%, 5%, 10%, and 1% levels, respectively.



Table 11 shows the results of dynamic panel data estimation using the system GMM model. The findings show that the coefficient of the first lag of universities’ innovation ability ranking is positive and statistically significant at the 1% level, implying that the previous period value of universities’ innovation ability impacts universities’ innovation ability across the countries. The coefficient of the initial level of innovation ability of universities in the countries is negative and significant at the 1% level, indicating that the innovation ability of US universities is recording a slower growth rate, whereas that of Chinese universities is recording a higher growth rate, signifying that Chinese universities’ innovation ability is converging with that of US universities. Furthermore, R&D, RESEARCHERS, INSTITUTIONS, and PCI are positive and statistically significant at the 1%, 5%, 5%, and 1% levels, respectively, where a one unit increase in R&D, RESEARCHERS, INSTITUTIONS, and PCI will lead to the innovation ability ranking of universities rising by 3.54932 point rank, 0.0018602 point rank, 0.0004374 point rank, and 0.060568 point rank, respectively. This implies that these variables can be construed as influential factors that promote the innovation ability ranking of universities in the countries. However, the HDI is not significant—though positive—implying that it has negligible impact on the innovation ability of universities in the countries. However, when checking the statistical healthiness of the model, the Arellano–Bond tests based on AR (1) and AR (2) are insignificant according to the p-values of the tests’ statistics presented in parentheses; hence, there is no serial correlation. Moreover, the insignificance of the p-values of the Sargan and Hansen tests indicates the statistical validity of the instruments used in estimating the model.



Therefore, the finding implies that the increase in research and development funding of the countries as a percentage of GDP, the number of researchers engaged in research and development per million people, the number of colleges and universities, and per capita income annual growth influence the innovation ability of universities across the countries, while the human development index negligibly influences it. In addition, the innovation ability of Chinese universities is being converged with that of US universities; thus, the gap between the innovation ability of Chinese and US universities is being reduced.



From Table 12, the findings show that the coefficient of the first lag of PRODUCTIVITY is positive and statistically significant at the 1% level, implying that the previous period value of PRODUCTIVITY has an impact on PRODUCTIVITY across the countries. The findings also reveal that INNOVATION ABILITY is positive and significant at the 1% level, where a one unit increase in the universities’ innovation ability ranking will lead to a 0.11% increase in the growth rate of labor productivity. LOG_LABOUR is positive and significant at the 1% level, where a 1% increase in labor force will lead to a 37.56% increase in the growth rate of labor productivity. LOG_CAPITAL is positive and significant at the 1% level, where a 1% increase in capital will lead to a 0.1% increase in the growth rate of labor productivity. LOG_CONSUMPTION is positive and significant at the 1% level, where a 1% increase in consumption induces a 0.04% increase in the growth rate of labor productivity. However, the model has a good fit, as the Arellano–Bond tests, the Sargan test, and the Hansen test prove that the model is free from serial correlation, and the instruments used are statistically valid.



Therefore, the finding implies that an increase in universities’ innovation ability, labor force, capital, and consumption influence the level of labor productivity in the countries.



Following Table 13, the coefficient of the first lag of EMPLOYMENT is positive and statistically significant at the 1% level, implying that the previous period value of EMPLOYMENT has an impact on EMPLOYMENT across the countries. The findings also reveal that INNOVATION ABILITY is positive and significant at the 1% level, where a one unit increase in the universities’ innovation ability ranking will lead to a 0.45% increase in the rate of employment opportunities. LOG_LABOUR is negative and significant at the 1% level, where a 1% increase in labor force will lead to a 1.63% decrease in the rate of employment opportunities. LOG_CAPITAL is positive and significant at the 1% level, where a 1% increase in capital will lead to a 0.08% increase in the rate of employment opportunities. LOG_CONSUMPTION is positive and significant at the 1% level, where a 1% increase in consumption will lead to a 0.06% increase in the rate of employment opportunities. However, the model has a good fit, as the Arellano–Bond tests, the Sargan test, and the Hansen test prove that the model is free from serial correlation, and the instruments used are statistically valid.



Therefore, the finding specifies that an increase in universities’ innovation ability, capital, and consumption influence the rate of employment opportunities, while an increase in labor force retards it.



Following Table 14, the findings show that the coefficient of the first lag of INCOME CLASSIFICATION is positive and statistically significant at the 1% level, implying that the previous period value of INCOME CLASSIFICATION has an impact on the income classification of the countries. The findings also reveal that INNOVATION ABILITY is positive and significant at the 1% level, where a one unit increase in the universities’ innovation ability ranking will lead to a 0.00010% increase in income classification. LOG_LABOUR is negative and significant at the 1% level, where a 1% increase in labor force will lead to a 0.014% decrease in income classification. LOG_CAPITAL is positive and significant at the 5% level, where a 1% increase in capital will lead to a 0.0000084% increase in income classification. LOG_CONSUMPTION is positive and significant at the 1% level, where a 1% increase in capital will lead to a 0.00027% increase in income classification. However, the model has a good fit, as the Arellano–Bond tests, the Sargan test, and the Hansen test prove that the model is free from serial correlation, and the instruments used are statistically valid.



Thus, the finding demonstrates that an increase in universities’ innovation ability, capital, and consumption influence the income classification group of the countries, while an increase in labor force distracts it.




5. Discussion


The investigation of this paper regarding the innovation abilities of the US and Chinese universities reveals that the rise in research and development funding, the number of researchers engaged in research and development, and the number of colleges and universities are improving the growth of the innovation ability of universities across the countries. This is likely due to the fact that, in those countries, there is a high and efficient utilization of research and development funding and a massive expansion of the number of quality researchers and institutions. For example, according to the second report from Statista [39], the US and China are regarded as the first and second in the world in terms of countries with the highest spending on research and development. Additionally, according to the SCImago Institutions Ranking [37], the US is the best country in the world in terms of research, followed by China. Likewise, the countries have a large number of universities and colleges, where the US and China are, respectively, the second and fourth in the world [38]. Furthermore, the study finds that the innovation ability of Chinese universities is converging with that of US universities. Thus, the gap between the innovation ability of Chinese and US universities is being reduced. This is supported by the fact that China has improved across the board, and in certain areas, it even outperforms the United States. In fact, China has narrowed the deficit with the United States by a factor of 1.5 from the base year to the most recent year, based on an average of all indices [48].



On the other hand, the universities’ innovation ability is also paid back, for example, by increasing the quality of local labor by training graduates, encouraging local businesses to extend their operations, offering professional guidance to local development agencies and businesses, and improving the cultural and economic appeal of the area, among other things [49]. When this study examined the impact of universities’ innovation ability in relation to the level of labor productivity, employment opportunities, and income classification across the US and Chinese universities, the study found an increase in universities’ innovation ability to influence the growth of those variables in the countries. This ascertains the theoretical view that one of the most significant benefits of innovation is its contribution to economic growth. Innovation can lead to increased productivity, meaning that the same amount of input produces more output [20]. Moreover, it supports the notion that labor productivity is heavily influenced by capital investment, technology advancement, and human capital growth [50]. According to an estimate, innovation improvements have a beneficial impact on job growth, whereby innovation leads to additional jobs (and destroys less employment) [51].



However, based on empirical evidence, the findings of this study are commensurate with those of González et al. [22] that R&D is a key factor in explaining innovation performance; Hall et al. [23] that R&D is strongly associated with innovation; Huňady and Orviská [24] that there exists a positive effect of R&D expenditures on innovation performance; Savrul and Incekara [25] that research and development expenditure is a significant promoter of innovation performance; Pegkas et al. [26] that there exists a positive and significant effect of higher education R&D on innovation; Dong et al. [27] that the impact of R&D intensity on innovation performance is positive and significant; and Lv et al. [28] that R&D expenditure significantly promotes innovation.




6. Concluding Remarks


This study empirically examined the innovation ability of universities in the United States of America (US) and China from 1996 to 2021 using the system generalized method of moments (system GMM) technique. The study revealed that research and development funding, the number of researchers engaged in research and development, and the number of colleges and universities are influencing the innovation ability of universities across the countries, whereby a unit increase in research and development funding as a percentage of GDP, the number of researchers engaged in research and development per million people, and the number of colleges and universities improve the innovation performance ranking by 3.5, 0.0019, and 0.00044, respectively. Furthermore, the innovation ability of Chinese universities is converging with that of US universities; thus, the gap between the innovation ability of Chinese and US universities is being narrowed—hence, declining. Moreover, the innovation ability of Chinese and US universities improves the level of labor productivity, employment opportunities, and income classification group of the countries, whereby a unit increase in the rank of innovation ability improves the growth rate of the level of labor productivity, employment opportunities, and income classification group of the countries by 0.11%, 0.45%, and 0.00010 index, respectively.



Therefore, this study recommends that governments or responsible agencies in the countries should maintain the level of research and development funding through any possible reinforcement. Furthermore, they should put more effort into supervising the utilization of research and development funding in universities across the countries. Moreover, funding can be channeled by enabling significant progress in curriculum development and reform, educating students with disabilities, understanding individual differences and preferences, and adapting instructional methods to the need of individual students. Moreover, the countries should continue to increase the number of colleges and universities accordingly, as well as increase the number of researchers through commendations, recognitions, incentives, or any form of encouragement because any person, no matter how young or old, always needs a boost or congratulations or a word of encouragement that conveys or appreciates their value in performance.



Nonetheless, the universities’ innovation ability can be improved in a number of ways. First, a seed fund is essential to conduct research, regardless of the topic, even if one is working on something straightforward. Second, staff/students must be encouraged to think well or to be creative, for example, by designing a well-organized curriculum. Third, it is not necessary to have all the necessary equipment to conduct research; it can be achieved. It is critical to always strive to be resourceful rather than acquisitive, creating a platform for sharing resources and trying to carry out the work at a low cost. Fourth, always put something aside for the future. Create something for the twenty-first century, and do not work on anything that has been drained. Fifth, hire the best—and in this situation, the vice-chancellor, the pro-vice-chancellor for research, and the head of the recruiting department should establish and lead this process and be accessible to speak with possible employees directly. Do not just post an ad; consider who the ideal candidate might be. Human resources departments should play a more prominent role in acquiring (and retaining) top talent. Sixth, the universities should be aware of the talent list and congratulate individuals. It is unthinkable that a successful organization would be unaware of its most skilled employees. Therefore, who are your university’s researchers, professors, and administrators? Ensure that the vice-chancellor is informed any time someone does anything good on the ground. Then, send a word of congratulations. When it comes to rewarding your teachers, be generous. Make an effort to let individuals know that their efforts have not gone ignored. The life of an academic is lonesome, and loyalty is sometimes extended to the discipline, not the university. Researchers typically obtain positive feedback exclusively from their professional peers; peer evaluation leads to publication, advancement, and, eventually, money. Academics will remain loyal to a university if the institution does more than ask them to fill out paperwork. Likewise, ensure that recruiting and retaining great talent is a complex and expensive process.
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Figure 1. Panel graphical representations of universities’ innovation ability ranking point, research and development funding, number of researchers engaged in research and development, number of colleges and universities, human development index, and per capita income are shown. Source: authors’ computation. 
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Figure 2. Panel graphical representations of labor productivity, employment opportunities, income classification of the countries, labor force, capital, and consumption are shown. Source: authors’ computation. 






Figure 2. Panel graphical representations of labor productivity, employment opportunities, income classification of the countries, labor force, capital, and consumption are shown. Source: authors’ computation.



[image: Sustainability 14 14586 g002]







[image: Table] 





Table 1. Descriptive statistics of universities’ innovation ability ranking point, research and development funding, number of researchers engaged in research and development, number of colleges and universities, human development index, and per capita income are shown.
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	INNOVATION ABILITY
	R&D
	RESEARCHERS
	INSTITUTIONS
	HDI
	PCI





	Mean
	2.282609
	2.037838
	2359.022
	3121.391
	0.783000
	7.519261



	Median
	1.500000
	2.295295
	2224.023
	3188.500
	0.819500
	5.020000



	Maximum
	9.000000
	2.832830
	4860.880
	5300.000
	0.925000
	28.74000



	Minimum
	1.000000
	0.563240
	381.6877
	1014.000
	0.554000
	0.884000



	Std. Dev.
	2.051157
	0.726176
	1565.526
	1325.697
	0.132634
	7.715424



	Skewness
	1.847067
	−0.665990
	0.043755
	−0.205197
	−0.338659
	1.220982



	Kurtosis
	5.400232
	2.046409
	1.200166
	1.589076
	1.512305
	3.648011



	Jarque–Bera
	37.19817
	5.143392
	6.223535
	4.138331
	5.121323
	12.23428



	Probability
	0.000000
	0.076406
	0.044522
	0.126291
	0.077254
	0.002205



	Sum
	105.0000
	93.74054
	108515.0
	143584.0
	36.01800
	345.8860



	Sum Sq. Dev.
	189.3261
	23.72991
	1.1 × 108
	79086247
	0.791626
	2678.750



	Observations
	52
	52
	52
	52
	52
	52







Source: authors’ computation. Note: INNOVATION ABILITY stands for universities’ innovation ability ranking point, R&D stands for research and development funding (% of GDP), RESEARCHERS stand for the number of researchers engaged in research and development (per million people), INSTITUTIONS stand for the number of colleges and universities, HDI stands for human development index, and PCI stands for per capita income (GDP per capita growth, annual %).
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Table 2. Descriptive statistics of labor productivity, employment opportunities, income classification of the countries, labor force, capital, and consumption are shown.






Table 2. Descriptive statistics of labor productivity, employment opportunities, income classification of the countries, labor force, capital, and consumption are shown.














	
	PRODUCTIVITY
	EMPLOYMENT
	INCOME

CLASSIFICATION
	LOG

LABOUR
	LOG

CAPITAL
	LOG

CONSUMPTION





	Mean
	35.48753
	65.08148
	3.500000
	19.65289
	29.44624
	30.40071



	Median
	31.34911
	6414600
	3.500000
	19.64654
	28.95607
	30.26799



	Maximum
	73.86869
	75.35500
	4.000000
	20.50015
	31.42065
	31.53288



	Minimum
	3.200347
	55.97900
	3.000000
	18.74534
	28.41008
	29.50689



	Std. Dev.
	29.18536
	5.555927
	0.505076
	0.810791
	0.961637
	0.512712



	Skewness
	0.075049
	0.267926
	1.17 × 10−16
	−0.002163
	0.939339
	0.767600



	Kurtosis
	1.136544
	1.974885
	1.000000
	1.013243
	2.281303
	2.848558



	Jarque–Bera
	7.281247
	2.787497
	8.333333
	8.223379
	8.429075
	4.957861



	Probability
	0.026236
	0.248143
	0.015504
	0.016380
	0.014779
	0.083833



	Sum
	1774.377
	3254.074
	175.0000
	982.6444
	1472.312
	1520.036



	Sum Sq. Dev.
	41737.49
	1512.548
	12.50000
	32.21176
	45.31254
	12.88082



	Observations
	52
	52
	52
	52
	52
	52







Source: authors’ computation. Note: PRODUCTIVITY (as the annual growth rate of labor productivity) stands for labor productivity, EMPLOYMENT (as employment rate) stands for employment opportunities, INCOME CLASSIFICATION stands for income classification of the countries, LOG_LABOUR stands for the log of labor force, LOG_CAPITAL stands for the log of capital, and LOG_CONSUMPTION stands for the log of consumption.
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Table 3. Correlation analysis with innovation ability as the dependent variable.






Table 3. Correlation analysis with innovation ability as the dependent variable.














	Variable
	Innovation Ability
	R&D
	Researchers
	Institutions
	HDI
	PCI





	INNOVATION ABILITY
	1.0000
	
	
	
	
	



	R&D
	0.8846
	1.0000
	
	
	
	



	RESEARCHERS
	0.2012
	0.2057
	1.0000
	
	
	



	INSTITUTIONS
	0.7309
	0.7437
	0.0167
	1.0000
	
	



	HDI
	0.7916
	0.6648
	0.1453
	0.9081
	1.0000
	



	PCI
	0.2111
	0.4473
	0.2211
	0.5304
	0.4486
	1.0000







Source: authors’ computation.
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Table 4. Correlation analysis with productivity as the dependent variable.






Table 4. Correlation analysis with productivity as the dependent variable.













	Variable
	Productivity
	Innovation Ability
	LOG

LABOUR
	LOG

CAPITAL
	LOG

CONSUMPTION





	PRODUCTIVITY
	1.0000
	
	
	
	



	INNOVATION ABILITY
	0.7107
	1.0000
	
	
	



	LOG_LABOUR
	0.8671
	0.5301
	1.0000
	
	



	LOG_CAPITAL
	0.5391
	0.1288
	0.6283
	1.0000
	



	LOG_CONSUMPTION
	0.1597
	0.4406
	0.4335
	0.7916
	1.0000







Source: authors’ computation.
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Table 5. Correlation analysis with employment as the dependent variable.






Table 5. Correlation analysis with employment as the dependent variable.













	Variable
	Employment
	Innovation Ability
	LOG

LABOUR
	LOG

CAPITAL
	LOG

CONSUMPTION





	EMPLOYMENT
	1.0000
	
	
	
	



	INNOVATION ABILITY
	0.7976
	1.0000
	
	
	



	LOG_LABOUR
	0.8323
	0.5501
	1.0000
	
	



	LOG_CAPITAL
	0.2544
	−0.1188
	0.6183
	1.0000
	



	LOG_CONSUMPTION
	−0.2106
	−0.4306
	0.3335
	0.8916
	1.0000







Source: authors’ computation.
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Table 6. Correlation analysis with income classification as the dependent variable.






Table 6. Correlation analysis with income classification as the dependent variable.













	Variable
	Income

Classification
	INNOVATION ABILITY
	LOG

LABOUR
	LOG

CAPITAL
	LOG

CONSUMPTION





	INCOME_CLASSIFICATION
	1.0000
	
	
	
	



	INNOVATION ABILITY
	0.8144
	1.0000
	
	
	



	LOG_LABOUR
	−0.8003
	0.5201
	1.0000
	
	



	LOG_CAPITAL
	0.5766
	0.2188
	0.7183
	1.0000
	



	LOG_CONSUMPTION
	0.3838
	0.5306
	0.4335
	0.8714
	1.0000







Source: authors’ computation.
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Table 7. Pesaran (2004) test for cross-sectional dependence results.






Table 7. Pesaran (2004) test for cross-sectional dependence results.





	Panels
	Statistic
	d.f
	Prob.





	INNOVATION ABILITY
	−1.534
	1
	0.125



	R&D
	3.62
	1
	0.000 *



	RESEARCHERS
	0.111
	1
	0.912



	INSTITUTIONS
	4.059
	1
	0.000 *



	HDI
	5.041
	1
	0.000 *



	PCI
	0.649
	1
	0.516



	PRODUCTIVITY
	4.893
	1
	0.000 *



	EMPLOYMENT
	4.502
	1
	0.000 *



	INCOME CLASSIFICATION
	0.126
	1
	0.333



	LOG_LABOUR
	4.593
	1
	0.000 *



	LOG_CAPITAL
	4.250
	1
	0.000 *



	LOG_CONSUMPTION
	4.879
	1
	0.000 *







Source: authors’ computation. Notes: The symbol * denotes significance at the 1% level.
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Table 8. Pesaran (2007) CIPS panel unit root test results.






Table 8. Pesaran (2007) CIPS panel unit root test results.





	Panels
	CIPS
	Lags
	Decision





	R&D
	−3.789 *
	1
	I (0)



	INSTITUTIONS
	−3.855 *
	1
	I (1)



	HDI
	−1.985 *
	1
	I (0)



	PRODUCTIVITY
	2.864 *
	1
	I (0)



	EMPLOYMENT
	2.404 **
	1
	I (1)



	LOG_LABOUR
	−2.038 *
	1
	I (1)



	LOG_CAPITAL
	−3.244 *
	1
	I (0)



	LOG_CONSUMPTION
	−4.081 *
	1
	I (1)







Source: authors’ computation. Notes: The symbols *, ** indicate significance at the 1%, 5% levels, respectively.
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Table 9. LLC and IPS panel unit root test results.






Table 9. LLC and IPS panel unit root test results.





	
Variable

	
LLC

	

	
IPS

	

	
Decision




	

	
At Level

	
At First Difference

	
At Level

	
At First Difference

	






	
INNOVATION

ABILITY

	
−1.50742 ***

	
–

	
−2.4217 **

	
–

	
I (0)




	
RESEARCHERS

	
−1.35304 ***

	
–

	
−3.3633 **

	
–

	
I (0)




	
PCI

	
5.39803 *

	
–

	
281.12 *

	
–

	
I (0)




	
INCOME CLASSIFICATION

	
−0.38991 *

	
–

	
1.12613 *

	
–

	
I (0)








Source: authors’ computation. The symbols *, **, and *** indicate significance at the 1%, 5%, and 10% levels, respectively.
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Table 10. Results of Westerlund panel cointegration test.






Table 10. Results of Westerlund panel cointegration test.










	With innovation ability as the dependent variable
	
	



	
	Statistic
	p-value



	Variance ratio
	2.1791
	0.0147 **



	With productivity as the dependent variable
	
	



	
	Statistic
	p-value



	Variance ratio
	2.0506
	0.0291 **



	With employment as the dependent variable
	
	



	
	Statistic
	p-value



	Variance ratio
	1.5457
	0.0611 ***



	With income classification as the dependent variable
	
	



	
	Statistic
	p-value



	Variance ratio
	42.9539
	0.0000 ***







Source: researchers’ computation. The symbols ** and *** denote significance at the 5%, and 10% levels, respectively. All the models display a trend, except with income classification as the dependent variable.
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Table 11. Dynamic panel data estimation, system GMM model.






Table 11. Dynamic panel data estimation, system GMM model.





	
Dependent Variable: Innovation Ability

	
Coefficient

	
Std. Err.

	
Z

	
p > z

	
[95% Conf.

	
Interval]






	
INNOVATION ABILITYt−1

	
0.4035603

	
0.0298611

	
13.51

	
0.000 *

	
0.3450337

	
00.462087




	
INITIAL INNOVATION ABILITY

	
−0.232276

	
0.0371445

	
−6.25

	
0.000 *

	
−0.3050778

	
−0.1594743




	
R&D

	
3.54932

	
1.587973

	
2.24

	
0.025 **

	
0.4369507

	
6.661689




	
RESEARCHERS

	
0.0018602

	
0.0007383

	
2.52

	
0.012 **

	
0.0004132

	
0.0033072




	
INSTITUTIONS

	
0.0004374

	
0.0001728

	
2.53

	
0.011 **

	
0.0000987

	
0.0007762




	
HDI

	
41.33029

	
34.51451

	
1.20

	
0.231

	
−26.31691

	
108.9775




	
PCI

	
0.060568

	
0.0197396

	
3.07

	
0.002 *

	
0.0218791

	
0.0992569




	
AR (1)

	

	
−1.24 (0.216)




	
AR (2)

	
−0.85 (0.397)




	
Sargan test

	
45.68 (0.301)




	
Hansen test

	
0.00 (0.999)








Source: authors’ computation. Note: * and ** stand for 1% and 10% levels of significance, respectively. The model is estimated at lag 3.
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Table 12. Dynamic panel data estimation, system GMM model.






Table 12. Dynamic panel data estimation, system GMM model.





	
Dependent Variable: Productivity

	
Coefficient

	
Std. Err.

	
z

	
p > z

	
[95% Conf.

	
Interval]






	
PRODUCTIVITYt−1

	
1.006108

	
0.0709418

	
14.18

	
0.000 *

	
0.8670649

	
1.145152




	
INNOVATION ABILITY

	
0.1147107

	
0.0044231

	
25.93

	
0.000 *

	
0.1060415

	
0.1233799




	
LOG_LABOUR

	
37.55832

	
0.0628997

	
597.11

	
0.000 *

	
37.43504

	
37.6816




	
LOG_CAPITAL

	
0.1007316

	
0.0031791

	
31.69

	
0.000 *

	
0.0945007

	
0.1069626




	
LOG_CONSUMPTION

	
0.0431349

	
0.0029495

	
14.62

	
0.000 *

	
0.037354

	
0.0489158




	
AR (1)

	

	
−1.29 (0.199)




	
AR (2)

	
−1.04 (0.300)




	
Sargan test

	
45.17 (0.610)




	
Hansen test

	
0.00 (0.999)








Source: authors’ computation. Note: * stands for the 1% level of significance. The model is estimated at lag 2.
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Table 13. Dynamic panel data estimation, system GMM model.






Table 13. Dynamic panel data estimation, system GMM model.





	
Dependent Variable: Employment

	
Coefficient

	
Std. Err.

	
z

	
p > z

	
[95% Conf.

	
Interval]






	
EMPLOYMENTt−1

	
1.13727

	
0.1169305

	
9.73

	
0.000 *

	
0.9080904

	
1.36645




	
INNOVATION ABILITY

	
0.4544363

	
0.0154325

	
29.45

	
0.000 *

	
0.4241892

	
0.4846834




	
LOG_LABOUR

	
−1.638663

	
3.521945

	
−46.53

	
0.000 *

	
−170.7692

	
−156.9634




	
LOG_CAPITAL

	
0.0762664

	
0.005853

	
13.03

	
0.000 *

	
0.0647947

	
0.0877382




	
LOG_CONSUMPTION

	
0.0554833

	
0.0074854

	
7.41

	
0.000 *

	
0.0408122

	
0.0701545




	
AR (1)

	

	
−1.25 (0.211)




	
AR (2)

	
−1.09 (0.274)




	
Sargan test

	
47.89 (0.131)




	
Hansen test

	
0.00 (0.999)








Source: authors’ computation. Note: * stands for the 1% level of significance. The model is estimated at lag 2.
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Table 14. Dynamic panel data estimation, system GMM model.






Table 14. Dynamic panel data estimation, system GMM model.





	
Dependent Variable: Income Classification

	
Coefficient

	
Std. Err.

	
z

	
p > z

	
[95% Conf.

	
Interval]






	
INCOME CLASSIFICATIONt−1

	
0.9779625

	
0.00171

	
571.91

	
0.000 *

	
0.974611

	
0.9813141




	
INNOVATION ABILITY

	
0.0001036

	
0.000028

	
3.71

	
0.000 *

	
0.0000488

	
0.0001584




	
LOG_LABOUR

	
−0.0141461

	
0.0010668

	
−13.26

	
0.000 *

	
−0.016237

	
−0.0120552




	
LOG_CAPITAL

	
0.0000084

	
3.5 × 10−6

	
2.41

	
0.016 **

	
1.58 × 10−6

	
0.0000153




	
LOG_CONSUMPTION

	
0.0000269

	
6.37 × 10−6

	
4.22

	
0.000 *

	
0.0000144

	
0.0000394




	
AR (1)

	

	
−1.09 (0.289)




	
AR (2)

	
−0.07 (0.943)




	
Sargan test

	
5.59 (0.133)




	
Hansen test

	
0.02 (0.899)








Source: authors’ computation. Note: * and ** stand for 1% and 10% levels of significance. The model is estimated at lag 2.
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