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It is well known within the study of economic growth that technological progress is a key factor 

leading to long term gains in the standard of living. However, for much of the history of the 

theory of economic growth, technological progress was assumed to be exogenous. Only with the 

advent of New Growth Theory did mainstream economic theory incorporate the fact that 

technological progress is endogenous, meaning that it is the result of conscious human efforts 

aimed at producing new technologies. This has resulted in a long line of literature investigating 

the determinants of technological progress. One issue that has been investigated in this line of 

literature is the effect that defense related R&D has on general technological progress. Dr. Lloyd 

J. Dumas, in The Overburdened Economy, 1986, claims that defense R&D diverts resources 

away from consumer-oriented R&D. Since researchers involved in defense R&D are not 

devoting their efforts to producing consumer-oriented technologies, Dumas claims that devoting 

resources with technical expertise to defense R&D will slow the growth of consumer-oriented 
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technologies, thereby reducing a country’s international technological competitiveness. On the 

other hand, a number of consumer-oriented technologies trace their roots to defense R&D. This 

study attempts to quantity the effects that defense R&D has on technological progress. The 

assumption of the model is that defense related R&D will draw resources away from other types 

of R&D, which is known as the resource diversion effect, but that defense R&D also produces 

positive spillover effects that increase the productivity of other types of R&D, potentially 

through the creation of knowledge that is applicable to consumer-oriented technologies. The 

empirical model will borrow from the national innovative capacity literature, which has 

developed a model to explain the determinants of national technological progress. This study will 

further the national innovative capacity literature by introducing the distribution of R&D 

expenditures across different purposes as an explanatory variable in an attempt to determine if 

defense related R&D does in fact exhibit resource diversion and positive spillover effects. 

Additionally, this study furthers the national innovative capacity approach by employing a robust 

regression technique that is not affected by a large number of outliers in the data, which appears 

to be a problem with the data that has been used in the national innovative capacity literature.  
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CHAPTER 1 

INTRODUCTION 

 

 

1.1       Introduction 

Technological progress is a major factor driving economic growth and sustainable improvements 

in the standard of living. Numerous economic models, as well as a great deal of empirical work, 

have made this clear. Therefore, policies that affect technological progress are likely to have 

significant effects on growth. This paper analyzes the relationship between defense R&D 

expenditures and technological competitiveness. When scientific and technological resources are 

diverted from the private economy and toward military activities, there are multiple effects that 

work in opposite directions. On the one hand, those resources are no longer being used with the 

intent of increasing productive efficiency in the economically contributive sector of the 

economy, which may result in a negative effect on technological progress (Dumas 1986). This 

will be referred to as the resource diversion effect. On the other hand, defense research 

occasionally results in technologies that can be applied in the private economy (Diamond 2006), 

or may bestow positive externalities on private R&D through the creation of specialized 

knowledge or capital. The result of these positive spillover effects should be an increase in 

technological competitiveness, ceteris paribus. This will be referred to as the positive spillover 

effect. Thus, the net effect depends on which of these factors is dominant, and estimating the net 

effect of diverting scientific and technological resources towards military activities on 
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technological competitiveness using data obtained from the OECD Science and Technology 

Indicators is the main purpose of this study. 

1.2       Empirical Analyses of Technological Progress and Economic Growth 

Theories of economic growth imply that it derives from growth in labor, capital, and 

technological progress (Boskin & Lau 1992). A number of empirical studies have found 

technological progress to be a significant factor driving economic growth. Boskin and Lau 

provide a summary of eleven analyses that attempt to estimate the relative contribution of the 

growth in labor, capital, and technology to economic growth. Ten of the studies presented 

assumed profit maximizing firms subject to constant returns to scale, whereas one assumed that 

firms experience modest increasing returns to scale. The various studies analyzed data ranging 

from 1869 to 1979. Boskin and Lau provide the average values for the relative contributions to 

economic growth by labor, capital, and technology under two competing assumptions. The first 

assumption is that improvements in the quality of labor or capital are not the result of 

technological progress. Using this assumption, the eleven studies presented by Boskin and Lau 

imply, on average, that growth in capital has accounted for 28 percent of economic growth, 

growth in labor has accounted for 41 percent of economic growth, and technological progress 

has accounted for 26 percent of economic growth. Due to differences in measurement between 

the various studies that resulted in approximation errors, the relative factors calculated by Boskin 

and Lau do not sum to 100 percent. The second, competing assumption used to aggregate the 

findings of the eleven studies presented by the authors is that improvements in the quality of 

labor and capital are the result of technological progress. Using this assumption, the average 

contribution to economic growth across the eleven studies was 22 percent for capital, 23 percent 



3 

 

for labor, and 52 percent for technology. Once again, the authors’ calculations do not sum to 100 

percent due to measurement differences across the eleven studies that resulted in approximation 

errors. 

Boskin and Lau (1992) provide their own analysis of the relative contribution of capital, 

labor, and technology to economic growth using data for the G-5 countries from 1957 to 1985. 

Unlike the eleven analyses discussed above, Boskin and Lau utilize a method that allows for 

identification of the degree of returns to scale, as opposed to the other analyses the authors 

summarize that all, except one, assume constant returns. Using the technique, the authors 

estimate technological progress to account for between 49 and 78 percent of economic growth 

for the five countries included in the analysis. 

1.3       Technological Progress in Growth Theory 

While numerous empirical studies emphasize the importance of technological progress for 

economic growth, neoclassical models of economic growth assume the level of technology to be 

determined exogenously and not through purposeful investments in research and development 

(Solow 1994). As such, neoclassical theories do little to accentuate the importance of science and 

technology policy for economic growth. While technology is an input in neoclassical production 

functions, it is not modeled as the result of conscious efforts to create new technologies. 

Endogenous growth theory, on the other hand, assumes that technological progress is not 

determined by external forces, but instead models the level of technology as being endogenously 

determined (Romer 1994). One implication of endogenous growth theory is that purposeful 

investments in the creation of knowledge are a key factor contributing to economic growth 

(Grossman & Helpman 1994).  



4 

 

1.4       Structure of Paper 

The empirical results demonstrating the importance of technological progress for economic 

growth, as well as the theoretical insights from endogenous growth theory, motivate the main 

research question addressed in this analysis. Examining the effects of diverting resources 

towards defense R&D reveals multiple, competing effects on technological progress, leaving the 

net effect theoretically ambiguous. Given the importance of technological progress for economic 

growth, the net effect of defense R&D on technological competitiveness has important policy 

implications. The next chapter of this paper will discuss, in greater detail, the effects that 

diverting scientific and engineering resources towards military activities has on technological 

progress and competitiveness. Chapter 2 will also review empirical studies that investigate the 

relationship between military expenditures, economic growth, and technological progress. 

Chapter 3 will discuss the data and research design that will be used to estimate the net effect of 

military resource diversion on technological competitiveness, and Chapter 4 will present the 

findings of the statistical analysis. 
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CHAPTER 2 

RESOURCE DIVERSION AND TECHNOLOGICAL PROGRESS 

 

 

2.1 Introduction  

This study is concerned with the effect of diverting labor and capital resources from 

economically contributive R&D to defense R&D on technological progress. To begin, it will be 

useful to define the terminology that will be used throughout the analysis. Much of the 

conceptual framework, and thus the terminology, is drawn from Dumas (1986), with some 

modifications. The term technologist simply refers to people with scientific and technological 

skills who apply those skills to the production of new technologies or the application of 

technologies to new uses. This would cover engineers, mathematicians, and scientists of all types 

so long as they are using their scientific expertise to create new technical knowledge or to apply 

technical knowledge to new activities, a process that we shall broadly call research and 

development (R&D). The second concept that must be clarified is the difference between 

contributive and non-contributive technologies. Dumas defines the former as technologies that 

improve the productive competence of an economy, that is, the ability to efficiently produce 

consumer or producer goods and services. To make the concepts of contributive and non-

contributive technologies amenable to a simple model of economic growth with endogenous 

technological change, which will be discussed in this chapter, we will refer to improvements in 

productive competence as technology’s ability to increase the marginal productivity of other 

factors in the aggregate production function. Thus, only technologies that improve the marginal 
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productivity of other factors of production, meaning that they improve productive competence, 

will be considered contributive.   

Finally, we must define the concept of technology. In this study, technology will simply 

refer to the application of scientific knowledge for some purpose. Thus, technological progress in 

this context refers to an improvement in society’s ability to apply scientific knowledge with 

purpose. However, the fact that technology entails purpose does not mean that all technology is 

contributive in the sense discussed above. A nuclear missile is certainly useful for destroying a 

large city, but does not improve efficiency in the production of goods and services, and thus is 

not contributive in the sense described above.  

2.2 Resource Diversion vs. Positive Spillover Effects 

2.2.1 Diversion and Positive Spillover Effects 

Dumas (1986) identifies defense R&D as being an example of what he terms “distractive 

activities”. They are distractive in the sense that they are not part of a process that results in the 

production of output that increases either the current or future material standard of living; that is 

to say, defense R&D is not conducted for the purpose of increasing general productive 

competence, but instead for the purpose of providing national security, presumably. While 

national security is clearly a serious concern that warrants an appropriate share of society’s 

scarce resources, it does not improve productive efficiency in and of itself. It may act to prevent 

the factors of production from being controlled or possibly even destroyed by foreign entities, 

but this is a conceptually separate function from producing goods and services. As a result, a new 

technology that did nothing other than increase national security could not be considered 

contributive in the way defined here as it would not improve productive competence. While this 
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section will articulate the effects of resource diversion with a primary focus on diverting 

technologists, it is important to note that the same analysis can be applied to the diversion of 

capital or other types of labor so long as they are being used in the production of technology. 

This section focuses on the diversion of technologists as to illustrate the effect in a simple 

manner; however, the empirical analysis that follows in chapter 5 will incorporate independent 

variables that are much more general measure of resource diversion, mainly because data on the 

actual diversion of technologists is rather scarce. 

Having defined the key concepts used in this analysis, we are now ready to investigate 

the effects of diverting resources from contributive to distractive research and development. The 

key distinction here is that contributive R&D is being conducted with the intent of improving 

productive competence, whereas distractive R&D is not. As such, when a technologist is taken 

from the contributive sector and employed in the distractive sector, his or her attention is no 

longer being focused on creating technologies with the purpose of improving productive 

competence. All else equal, we would expect this to reduce the growth rate of contributive 

technology, and thus the rate of growth of the economy generally. We shall call this the resource 

diversion effect. However, this is not to say that technologists employed in the distractive sector 

will never produce technologies that improve productive competence. A number of technological 

breakthroughs have occurred accidentally (Kubinyi 1999). As such, we would expect 

technologists in the distractive sector to occasionally produce contributive technologies; 

however, we would expect their productivity in terms of creating contributive technologies to be 

lower than their contributive sector counterparts given the fact that technologists in the 

distractive sector, unlike their counterparts, are not focusing their attention on improving the 



8 

 

economy’s ability to produce consumer or capital products. Moreover, defense R&D may 

increase the productivity of consumer-oriented R&D through positive externalities such as the 

creation of specialized knowledge or capital. We shall call these the positive spillover effect. 

Indeed, a number of revolutionary technologies can be traced back to military research 

and development. Perhaps most importantly, the Defense Advanced Research Projects Agency 

(DARPA) played an instrumental role in the development of the internet. Mowery and Simcoe 

(2002) provide a detailed history of the development of the internet. According to the authors, 

most US research concerning computer networking in the 1960s was funded by the Department 

of Defense. In 1968 DARPA funded the construction of the first packet switch, which was called 

an Interface Message Processor (IMP) and linked computers at several major facilities. The 

network that was formed as a result was known as ARPANET. DARPA research continued to 

play a role in the growth and improvement of computer networking; for example, the TCP/IP 

communications protocol was developed by engineers being funded by DARPA. In 1983, a 

separate network known as MILNET was formed for military applications, though ARPANET 

was still maintained by government agencies. At this point, the Department of Defense seems to 

take a smaller role in further developing the internet, with other agencies and institutions 

becoming the main engine for growth; for example, ARPANET was decommissioned in 1990, 

with its users and hosts being transferred to the National Science Foundation’s NSFNET. Other 

notable contributions came from scientists at the CERN laboratory in Switzerland, as well as 

significant increases in privately funded IT research in the US. Besides the internet, military 

research and development has played a role in the creation of civilian nuclear power facilities, jet 

engines, and computer chips (Diamond 2006). DARPA was also fundamental in the creation of 
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modern Global Positioning Systems (Alexandrow 2008). Thus, there is clear empirical evidence 

for the existence of the positive spillover effect, with many other examples (Dunne & Braddon 

2008). However, Diamond (2006) argues that the increasing specialization of defense research 

has reduced the opportunity for positive spillovers over time. Moreover, Dunne and Braddon 

(2008) note that the “spin-in” effect has become much more important in recent years, meaning 

that the trend is towards using private sector technologies and adapting them for military 

applications. Finally, it is important to note that the secrecy inherent in military research would 

tend to reduce the magnitude of the positive spillover effect relative to R&D conducted at more 

open institutions, ceteris paribus. 

2.2.2 Substitution and Complimentary Effects 

The existence of the crowding out effect assumes that consumer-oriented R&D and defense 

R&D are net substitutes. However, this is not clear from a theoretical perspective. The 

relationship between consumer-oriented R&D and defense R&D is characterized by substitution 

and complementary effects. Thus, the assumption that defense R&D crowds out some quantity of 

consumer-oriented R&D requires that the substitution effects outweigh the complementary 

effects. David and Hall (2000) provide a conceptual framework of the substitution and 

complementary effects that exist between privately funded and publicly funded R&D 

expenditures, and much of this framework applies to the relationship between consumer-oriented 

and defense R&D.  

The framework differentiates between the direct effects that defense R&D has on 

consumer-oriented R&D through the effect on resource prices and the indirect effects that the 

generation of knowledge through defense R&D has on the costs and benefits of R&D for 
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consumer-oriented firms. The direct effects are called first order effects, whereas the indirect 

effects are called second order effects. The framework also differentiates between effects that are 

experienced within the immediate market period and effects that are experienced with some lag, 

the former being called static effects and the latter being called dynamic effects.  

The first order static effect of an increase in defense R&D is an increase in the market 

price of resources used for R&D. The extent of the increase in resource prices will depend on the 

price elasticity of supply of the resources. The static effect of this increase in resource costs is a 

decline in the expected rate of return of R&D projects for consumer-oriented firms, which may 

cause firms to reduce R&D expenditures. Thus, the first order static effect amounts to a 

substitution effect between defense and consumer-oriented R&D.  

The second order static effects derive from the effect that defense R&D has on the 

expected profitability of R&D for consumer-oriented firms. David and Hall (2000) identify five 

second order static effects that publicly funded R&D has on privately funded R&D, three of 

which are substitution effects and two of which are complementary effects. The first is that 

private firms may anticipate that publicly funded R&D will result in discoveries that can be 

exploited in the future, causing private firms to reduce R&D expenditures in those areas of 

research and free ride from the discoveries of publicly funded R&D. This may be less relevant to 

the relationship between consumer-oriented and defense R&D given that the objectives of such 

projects are likely to be very different. The second effect is that firms may anticipate that 

publicly funded R&D will result in discoveries that can be utilized by competing firms and 

reduce returns in that market, causing firms to cancel some R&D projects. The third effect is that 

private firms will anticipate that an increase in government expenditures will result in crowding 
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out of expenditures for other final goods and services, causing firms to reduce R&D expenditures 

for other consumer or business oriented goods and services. However, it should be noted that this 

effect assumes an economy at full employment as it is not clear that an increase in government 

spending will result in a decline in private expenditures when the economy is producing below 

capacity.  

As opposed to the previous substitution effects, the other static second order effects 

identified by David and Hall (2000) are complementary effects. The first is that public funding of 

a particular type of R&D may indicate the government’s intention to promote a particular 

technology, which may increase the expected returns for R&D if it means preferable treatment, 

such as tax credits, for firms that engage in related R&D projects. The second complementary 

effect is that firms may anticipate that specialized knowledge created by publicly funded R&D 

may reduce private R&D costs, causing firms to expand R&D activities.  

David and Hall (2000) then describe the dynamic effects that public funding of R&D has 

on privately funded R&D, which concern the lagged responses of the supply of specialized 

resources and knowledge spillovers that result from publicly funded R&D. The first dynamic 

effect identified by the authors concerns the effect that publicly funded R&D has on resource 

prices over longer periods of time. One would expect the supply of specialized resources to be 

more elastic over longer periods of time. One reason for this is that more people are likely to 

undergo the training and education necessary to be employed in R&D when market wages for 

technologists rise. Since this takes time, we would expect the supply of R&D workers to be more 

elastic over longer periods of time, and similar arguments can be made regarding other types of 

specialized resources used in R&D. This mitigates the effect that an increase in demand for such 
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resources caused by publicly funded R&D has on resource prices. However, assuming that the 

long-run supply curve for resources used in R&D is upward-sloping, resource prices will remain 

higher than their original level even after markets have had time to adjust to higher resource 

prices. As a result, the quantity of R&D resources demanded by private firms will remain lower 

than the initial level, ceteris paribus. However, it should be noted that this analysis assumes that 

the private demand for R&D resources remains unchanged after the increase in publicly funded 

R&D, which may not be the case if publicly funded R&D bestows significant positive 

externalities on private firms conducting R&D.  

The second dynamic effect identified by David and Hall (2000) involves the possibility 

of market disequilibrium causing the supply of specialized resources to overshoot the long-run 

market equilibrium, causing a permanent increase in the stock of such resources beyond what a 

general equilibrium model would predict. Consider a person attempting to decide on a course of 

graduate study. An increase in the wage for people with technical and scientific skills would 

make pursuing such a course of study more attractive, ceteris paribus. If we assume rational 

agents, then such a person would realize that other graduate students are faced with similar 

incentives, and that the market wage for people with scientific and technical expertise would fall 

as more people pursue a career along those lines. As such, the equilibrium would involve 

students choosing to pursue scientific and technical studies until the market wage equals the 

opportunity cost in terms of foregone wages in other fields for the marginal student. When the 

marginal student can earn a wage in some other field that is equal to the wage that could be 

earned from pursuing a career in R&D, the market has reached the equilibrium level of 

technologists. However, David and Hall (2000) argue that demand shocks in the market for 
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specialized resources used in R&D have resulted in volatility and overshooting in those markets. 

As a result, there may be a permanent increase in the supply of specialized resources beyond 

what would be predicted by general equilibrium models. For example, people with scientific and 

technical expertise invested large amounts of time and likely money to obtain those skills, and 

are unlikely to switch to other fields even if their earnings expectations are not met due to the 

large switching costs. However, this argument seems specious because it assumes that 

irrationality and disequilibrium will work in a particular direction. It seems equally plausible that 

the markets may undershoot the optimal quantity of specialized inputs.  

The third dynamic effect examined by David and Hall (2000) is path dependence. 

Government funding of particular R&D projects may create knowledge and infrastructure that 

dictates the future path of R&D and innovation. On the one hand, creating such path dependence 

may enhance private R&D funding as firms become better able to anticipate the future path of 

innovation based on what the government is funding, which would reduce expected risks and 

costs for private R&D as firms anticipate a market for innovations in a particular field. On the 

other hand, creating path dependence may leak into the domain of academia, creating rigidities in 

the way people are educated and trained that reduces their ability to create novel innovations. As 

such, it is unclear how the path dependence created by publicly funded R&D relates to the issue 

of substitutability and complementary.  

The final dynamic effect discussed by David and Hall (2000) involves the effect that 

publicly funded R&D has on academia and the quality of education for future generations. If the 

demand for R&D personnel increases as a result of publicly funded R&D, people that may 

otherwise work in academia may opt to instead work in R&D. If this reduces the quality of 
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educators, it may reduce the quality of education for future generations, reducing the ability of 

future graduates to successfully innovate for consumer-oriented firms.  

Thus, the analysis by David and Hall (2000) indicates that we cannot simply assume 

publicly funded R&D to be a substitute for privately funded R&D. The relationship between the 

two is characterized by a number of substitution and complementary effects, with the net effect 

being theoretically ambiguous. Unfortunately, empirical work has not provided a consistent 

answer to the issue. David, Hall, and Toole (2000) provide a review of the empirical literature 

concerning the issue of substitution and complementary effects. The authors divide the literature 

into three major categories, firm-level studies, industry-level studies, and macro-level studies. In 

terms of firm-level studies, the authors reviewed fifteen empirical studies. Six of those studies 

were consistent with a net substitution effect, four were consistent with a net complementary 

effect, four found a mixture of substitution and complementary effects, and one did not find any 

statistically significant effects. Moving to industry-level studies, the authors reviewed four 

empirical studies. Three of those studies suggested a net complementary between private and 

public R&D, whereas one did not find any statistically significant effects. In terms of macro-

level studies, the authors reviewed seven empirical studies. Six of those studies suggested a net 

complementary effect, and one did not find statistically significant effects.  

Thus, the empirical evidence on the issue of substitution and complementary effects has 

not yielded a consensus. Firm-level studies have yielded few insights as they are split fairly 

evenly between studies finding a net substitution effect and studies finding a net complementary 

approach. However, the industry-level and macro-level studies tend to suggest a net 

complementary effect between private and publicly funded R&D.  
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However, the literature discussed above deals with publicly funded R&D generally and 

does not specifically focus on the effect of defense related R&D on consumer-oriented R&D. 

While the substitution and complementary effects discussed above may apply to the relationship 

between defense and private R&D, the magnitude of the effects may change when we narrow our 

focus to defense R&D. This is because some publicly funded R&D is meant to create 

economically contributive innovations, such as R&D to improve a country’s economic 

infrastructure. When the focus is narrowed specifically to defense R&D, one might expect 

weaker complement effects given the fact that defense R&D is not focused on producing 

economically contributive innovations. It is also important to note the effect of publicly funded 

R&D on the quantity of privately funded R&D is not the only issue. For example, it is possible 

that there is a net substitution effect between the two in the sense that a higher level of publicly 

funded R&D results in a smaller level of privately funded R&D, but that publicly funded R&D 

creates positive externalities sufficiently large to increase the output of privately funded R&D 

despite having fewer resources devoted to it. It is important to remember that this study is 

interested in the net effect that defense R&D has on the output of consumer-oriented R&D, 

though the issue of substitution and complementary effects in terms of the quantity of inputs 

devoted to each is certainly an important one in terms of identifying the net effect that defense 

R&D has on the output of consumer-oriented R&D activities.  

2.3 Additional Considerations 

2.3.1 The Intent of Military R&D 

The discussion of the military’s involvement in the creation of revolutionary technologies such 

as the internet and GPS brings up another important point, which is that not all defense R&D is 
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per se distractive. The defining factor that determines whether a particular R&D activity is 

contributive is the result; if the activity results in improving productive efficiency, then it is 

contributive R&D according to the definition used in this study. While the presumption is that 

the intent of defense R&D is to increase national security and not productive efficiency, this 

might not always be the case. For example, there may be political factors that favor basic 

research being done under the guise of defense. Dunne and Braddon (2008) note that the promise 

of economic benefits in addition to added security has often been used as a justification for large 

military budgets.  

Consider the National Defense Education Act of 1958 (NDEA), which was passed as a 

response to the Russian launch of the Sputnik satellite that raised concerns over US technological 

competiveness. While the NDEA was ostensibly a defense bill, it funded a great deal of research 

that seemingly had little to do with improving national security. Dorson (1962) discusses the 

NDEA’s funding of folklore studies. During the early stages of implementation of the NDEA, 

grants were made under the NDEA to folklore study programs, a fact that was criticized in print 

media of the time. The purpose of mentioning it here is that it seems difficult to argue that the 

intent of funding folklore studies was to increase national security given the negligible effect 

such studies would have on our ability to defend ourselves. To be fair, it seems equally difficult 

to argue that such studies would improve productive competence. However, this is irrelevant; the 

claim is not that national security and productive competence are the only two possible intentions 

underlying all research and development activities. Instead, the example of the NDEA funding 

folklore studies simply illustrates that the fact that R&D is being funded by the Department of 

Defense does not per se imply that the intent is to improve national security, though it is a 
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presumption that may well be true in most cases. Once again, it seems unlikely that the intent of 

funding folklore studies was to improve productive competence, but the point is that if the 

military is willing to fund research and development out of intentions other than increasing 

national security, then it is possible that some military research is being conducted with the intent 

of creating contributive technology.  

The reason why the funding of folklore studies was conducted under the guise of national 

defense is beyond the scope of this study. Of course, it is worth noting the principal-agent 

problem inherent in the NDEA. Given the fact that the NDEA funded research was being 

conducted at autonomous institutions, such as universities, there may have been divergence 

between the preferences of the provider of the funds and the institutions actually carrying out the 

research. As such, the recipients of the funds would have the incentive to oversell the 

contribution to national security made by their research. Indeed, when the funding of folklore 

studies became a contentious issue and congress took action to limit its funding under the 

NDEA, the then editor of the American Folklore Society and chairman of the folklore program at 

Indiana University wrote a letter to a senator claiming that “the recent critics of folklore studies 

are through ignorance playing directly into the hands of the Communists” (Dorson 1962, pp. 

161). 

2.3.2 The Effect of Military R&D on Aggregate R&D 

Another issue that warrants additional investigation is the effect of military research and 

development on the aggregate level of R&D. When the government increases the quantity of 

technologists involved in distractive military activities, it may well result in an increase in the 

overall level of R&D. This would result from the increase in demand for technologists due to the 
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military’s entrance into the labor market, which would subsequently result in an increase in the 

wage for technologists as well as the quantity of technologists supplied. Of course, the 

magnitude of this effect would depend on the elasticity of supply for technologists with respect 

to the wage, and as we will see, the military’s activities still crowd-out technologists from 

contributive research and development. 

Consider Figure 2.1, which depicts a hypothetical labor market for technologists. We 

begin by assuming a downward-sloping demand curve for technologists. We further assume an 

upward sloping supply curve for technologists. As such, an increase in the wage will result in an 

increase in the aggregate quantity of technologists supplied. Given that this analysis is concerned 

with technological progress, a long-run phenomenon, let us assume that the curve in Figure 2.1 

represents the long-run supply curve for technologists, meaning that the increase in the quantity 

of technologists that results from a wage increase is the result of new entrants into the market, 

not the result of existing technologists working longer hours. The upward slope of the supply 

curve would therefore imply increasing average costs for those entering the labor market for 

technologists. This seems to be a reasonable assumption given the unique set of skills required 

for employment as a technologist, which may cause the marginal aptitude for science and 

mathematics to decline as more workers enter the market. Furthermore, it is possible that there 

could be diseconomies of scale in terms of training and educating new technologists. In either 

case, a strictly positive and finite slope of the long-run supply curve for technologists seems to 

be a relatively uncontroversial assumption. 

Let us consider a scenario in which the government conducts no military research and 

development, and all technologists are employed in contributive activities. This is not to say that 
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Figure 2.1. Hypothetical Labor Market for Technologists 

defense R&D is really the only type of distractive activity in which technologists might be 

involved, but to illustrate the effect of military R&D on aggregate R&D using a simplistic model 

we will assume at the moment that this is the case. The initial total demand for technologists, 

shown in Figure 2.1 as curve D1, is simply the horizontal sum of each employer’s individual 

demand curve for technologists; in other words, the market demand curve represents the sum of 

the quantity of technologists demanded by each firm at various wage rates. Given our 

assumption, each firm currently participating in the market is involved in contributive R&D 

activity. The equilibrium quantity of technologists in this market is Q2, with the equilibrium 

wage being W1.  

Now assume that the government suddenly decides to begin conducting distractive R&D. 

Assuming the government’s demand for technologists is downward-sloping, this is conceptually 

no different from having an additional firm enter the market for technologists. As such, the 

government’s entrance into the market will shift the demand curve for technologists to the right, 
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given that the market demand curve is the horizontal sum of every individual demand curve. The 

result is an increase in the wage for technologists and an increase in the aggregate quantity of 

technologists being supplied. The magnitude of the change in quantity supplied depends on the 

elasticity of supply for technologists with respect to the wage, with a more elastic supply curve 

corresponding to a larger increase in the aggregate quantity of technologists employed. While 

there has been little empirical work done in this area, at least one study has reported evidence 

suggesting the quantity of engineers supplied to be highly responsive to the wage for engineers 

relative to the wage for other college graduates (Ryoo & Rosen 2004).  

Notice that while the higher wages attract more technologists, thus increasing the 

aggregate level of technologists employed and presumably the aggregate level of R&D, the 

higher wage that results from the additional demand reduces the quantity of technologists 

demanded and employed in the contributive sector. In Figure 2.1, the total quantity of 

technologists being employed increases by Q3 – Q2. However, the quantity of technologists now 

being demanded by the contributive firms at the new wage is given by Q1. Therefore, while the 

aggregate quantity of technologists being employed increased, the quantity being employed in 

contributive R&D activities has declined by Q2 – Q1. Thus, there is a crowding out effect, the 

size of which depends on the elasticity of demand for technologists with respect to the wage.   

Therefore, allowing the aggregate quantity of technologists being employed to vary 

according to market forces, as opposed to assuming a perfectly inelastic supply of technologists, 

reveals an additional effect. That is, the military may be able to increase the aggregate level of 

technologists involved in research and development by increasing the demand for their labor, and 

thus their wage, although we are still left with the result of having fewer technologists employed 
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in contributive activities. Nonetheless, the higher overall level of R&D compliments the positive 

spillover effect. Although the additional technologists in the distractive sector are not focusing 

their attention on creating technologies with the purpose of increasing productive competence, 

the increase in the aggregate quantity of technologists conducting R&D means a larger positive 

spillover effect, and this may be sufficient to overcome the crowding out effect.   

Moreover, the fact that defense R&D can increase the aggregate level of R&D reduces 

the magnitude of the resource diversion effect. Consider a perfectly inelastic supply curve for 

technologists. Under such circumstances, adding one technologist to the distractive sector 

necessarily means taking exactly one technologist out of the contributive sector. This is not the 

case when the supply curve for technologists is upward-sloping. With an upward sloping supply 

curve, adding   technologist to the distractive sector takes fewer than   technologist away from 

the contributive sector, because part of the increase of technologists in the distractive sector 

comes from new entrants who are enticed by the higher wages as opposed to coming from firms 

engaged in contributive research and development. However, while an upward sloping supply 

curve implies that the tradeoff between technologists in the contributive sector versus the 

distractive sector is not one-to-one, the higher wages that result from the additional demand 

created by military R&D still results in a crowding out effect in which fewer technologists are 

employed in the contributive sector according the basic economic model of the labor market for 

technologists discussed above.  

2.3.3 Diversion of Capital and other Types of Labor 

While this section has discussed the effects of diverting technologists, a specific type of labor, 

from contributive to distractive research and development, it is important to remember that 
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technologists are only one input in the production of new technologies. The diversion of capital 

and other types of labor from the process of producing contributive technologies to distractive 

activities should have similar effects. The case for the diversion of capital is straightforward. 

Capital is a key input in the production of technology; as Dumas (1986) notes, technology is 

created by giving technologists the resources necessary to solve particular problems, and these 

resources clearly include very sophisticated types of physical capital. When scarce physical 

capital is diverted from contributive to distractive R&D, the value it provides in the process of 

innovation is no longer being used with the intent of improving technological efficiency. 

Moreover, in addition to technologists and capital, research and development activities require 

the support of other types of laborers ranging from administrators to custodians. The same 

resource diversion logic applies to them, though the magnitude might be lower given the lower 

level of specialization required to work in a supporting role. The purpose of the focus on 

technologists in this chapter was to illustrate the effects of resource diversion in a simple and 

convenient manner; however, the empirical model will incorporate independent variables that are 

more general measures of resource diversion. 

2.3.4 Sunk Costs and Military Cost Insensitivity 

Dumas (1986) notes that military-oriented firms tend to be less cost sensitive than civilian-

oriented commercial firms. The reasons for this are relatively straightforward. Firms are 

generally assumed to be profit maximizing entities, which implies cost minimization; this is not 

the case for the military. Buzan and Sen (1990) argue that the large sunk costs involved with 

some types of research can deter private firms, and that the military’s willingness to incur large 

sunk costs can advance industries by decades. The authors point to mass air transit and space 



23 

 

satellites as examples of technologies that would not have come nearly as early as they did 

without the military’s willingness to incur the sunk costs associated with the initial research and 

development. However, this claim seems to create a false dichotomy. Research and development 

by consumer-oriented firms is not the only alternative to military R&D as the government funds 

contributive research through other agencies. Furthermore, the claim that consumer-oriented 

firms are unwilling to conduct research that requires large sunk costs is debatable. Consider 

R&D costs in the pharmaceutical industry; DiMasi et al. (2003) estimated the research and 

development costs for 68 randomly selected drugs and found it to be approximately $802 million 

per new drug. A subsequent study using similar data found the research and development costs to 

range from $500 million to $2,000 million (Adams & Brantner 2006). As such, it seems difficult 

to argue that the private sector will not undertake R&D projects with large sunk costs. Even if it 

is true that the military’s cost insensitivity allows it to conduct R&D with higher fixed costs, it 

would still be the case that much of this R&D would not be focused on improving productive 

competence.  

2.3.5 Other Forms of Distractive R&D 

It is important to note that this study is not arguing that distractive R&D is exclusive to the 

military. Surely there are many research projects that have little to do with productive 

competence outside of military R&D. Consider the recent news regarding the possible detection 

of the long sought after Higgs Boson; while the tentative confirmation of the particle’s existence 

is considered a major scientific breakthrough, University of Maryland physics department 

chairman Drew Baden claims that it is of little consequence for the state of technology 

(Tsukayama 2011). As such, the efforts to detect the Higgs Boson were distractive as they were 
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not part of a process that resulted in improving productive competence, though this is not to say 

that the discovery will not happen to lead to new technologies in the future. Thus, the mere fact 

that a technologist is beginning employment with the military does not necessarily mean that he 

or she is being diverted from contributive R&D, as the researcher could have been involved in 

distractive research in some field other than defense. This complicates the empirical analysis due 

to the fact that while there is data on the portion of resources used for defense R&D, it is clearly 

very difficult to determine how those resources would have been used had they not been diverted 

to the military. 

2.4 Models of Military Expenditures and Economic Growth 

2.4.1 The Feder-Ram Model 

Several theoretical models have been used to illustrate and estimate the impact of military 

expenditures on economic growth. Dunne et al. (2005) provide a review of several popular 

models for specifying the relationship. The Feder-Ram model has been popular for use in 

empirical analyses of military expenditures and growth. It assumes a two sector economy, one 

sector that produces consumer goods and another that produces military output, with each sector 

employing homogeneous labor and capital. Thus, aggregate output in this model is given by 

      

where   represents the production of consumer goods and   represents the output of military 

goods. The key assumption of the model is that military output has external effects on the 

production of consumer goods, so that the production function for consumer goods takes the 

form 

 (       )     (     ) 
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where    is the quantity of labor employed in the production of consumer goods,    is the 

quantity of capital employed in the production of consumer goods, and   represents the external 

effect of military output on the production of consumer goods. 

The Feder-Ram model has been popular for use in empirical studies because it suggests a 

specification for output in which military expenditures are a direct independent variable. The 

implication of the model is that the effect of military expenditures on the rate of growth will 

depend on the relative productivity of factors in each sector as well as the magnitude of  , the 

external effect that military production has on the production of consumer goods. While the 

model provides econometric tractability, it does not address the source of productivity 

differentials between the two sectors or the channels through which military output affects the 

production of consumer goods. The thesis of this study is that diverting resources towards 

defense R&D affects the production of goods and services largely through the effect on 

technological progress. As such, the convenience of the Feder-Ram model in that it suggests 

military expenditures as an independent variable in the aggregate production function is balanced 

by its ambiguity concerning the reasons military expenditures have external effects on the 

production of goods and services. The implication of the thesis of this study is that the effect on 

aggregate output should be modeled indirectly through the effect on technological progress. 

2.4.2 The Augmented Solow Model 

Another popular method of modeling the effect of military expenditures on economic growth is 

the augmented Solow growth model (Dunne et al. 2005). The model assumes a neoclassical 

production function of the form 

  (  )      
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with technology evolving according to  

 ( )   ( )    ( )  

where  ( ) represents military expenditures as a share of GDP. Thus, the augmented Solow 

model does assume the effect of military expenditures on growth to occur through the channel of 

technology, arguably representing a theoretical improvement over the Feder-Ram model. 

However, the theoretical model is also vague in terms of the reason military expenditures affect 

the level of technology, and does not capture the resource diversion effect. Notice that military 

output is not modeled as taking resources away from the production of goods and services. Thus, 

the augmented Solow model captures the idea that military activities affect economic growth 

through the effect on technology, but does not model the diversion of resources. Moreover, the 

Solow model assumes technology to be a homogenous good, and does not distinguish between 

contributive and distractive technologies. The Feder-Ram model does the opposite; while the 

Feder-Ram model assumes that military production takes resources away from the production of 

consumer goods, the model is ambiguous in terms of the reason military output affects the 

production of goods and services. In what follows, we will examine a simple model that 

illustrates the ideas of resource diversion and that defense R&D affects economic growth 

through the effect on technological progress.  

2.4.3 A Simple Model of Endogenous Growth with Resource Diversion 

We shall begin by considering a very simple model of endogenous technological growth. For 

simplicity and to focus the analysis on the diversion of technologists, we will assume a constant 

supply of capital and non-technologist labor in the production of goods and services. Although 

this is clearly an unrealistic assumption, is does not significantly affect the intuition provided by 
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the model concerning the effects of diverting technologists to distractive R&D. Consider a 

traditional Cobb-Douglas aggregate production function, which takes the form 

   (     )    ̅  ̅                                                     [1] 

Given the we are assuming a fixed supply of capital and non-technical labor, any 

assumptions about   would not only be arbitrary, but would also be of no consequence. We will 

define   as aggregate contributive technology. This is unorthodox, but works well for the 

purpose of this study. Most endogenous technological growth models simply assume the output 

of technologists to be a homogenous good, at least in the aggregate. However, such a 

specification misses the key insight of this study, which is that the attention of technologists can 

be focused in various ways, with some being more productive in terms of creating technologies 

that increase productive efficiency in the economy. As such, we shall assume that only 

contributive technologies, in the sense that they improve the marginal productivity of other 

factors in the aggregate production function, enter the aggregate production function. 

Now, the model will assume that production of goods and services requires technology, 

labor, and capital, but not technologists. Instead, we will assume that technologists are only used 

in the research and development sector, and that technologists can be employed in either 

contributive or distractive activities. For simplicity, we shall assume that the total endowment of 

technologists is held fixed, so that 

 ̅                                                                     [2] 

where  ̅ denotes the total endowment of technologists,    represents the quantity of 

technologists being employed in contributive research and development activities, and    
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represents the quantity of technologists being employed in distractive research and development 

activities. Finally, we assume that contributive technology evolves according to the formula 

 ̇   (       )                                                           [3] 

where   and   are productivity parameters for technologists being employed in contributive 

R&D and distractive R&D, respectively. The growth rate of technology is a function of the 

current level of technology, as is aggregate output. Technology is assumed to be available to all 

producers of technology as well as producers of goods and services. As such, the current level of 

technology is a parameter in both the aggregate production function as well as our equation for 

 ̇, technological dynamism.  

To illustrate the effect of resource diversion on technological progress with in a simple 

manner, it is assumed that technologists and the level of technology are the only determinants of 

the rate of technological growth; however, as discussed previously, there are clearly other types 

of resources used in the production of technology, and the same resource diversion argument 

should apply to capital and other types of labor so long as they are being diverted from the 

production of contributive technologies. There would be no use in specifying a production 

function for non-contributive technologies. Since non-contributive technologies do not, by 

definition, increase the marginal product of the other factors of production, they are not a 

variable in the aggregate production function. In other words, economic growth is a function of 

the growth of contributive technologies; the growth of non-contributive technologies is irrelevant 

other than to the extent that their production requires the diversion of resources from contributive 

activities. As such, specifying a production function for non-contributive technology would be of 

no consequence. 
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It is assumed that R&D in each sector increases the level of contributive technology with 

an additively separate effect. Furthermore, notice that linearity of the growth rate of technology 

allows for unbounded technological growth. This is not uncommon within the endogenous 

growth literature, but does have nontrivial consequences. Specifically, it allows for unbounded 

growth in aggregate output. Moreover, the assumption of increasing returns to the employment 

of technologists implies that the magnitude of the effect of diverting technologists increases over 

time, as we will see upon investigating the implications of the model. The validity of the 

increasing returns to R&D assumption is beyond the scope of this study, and the assumption is 

made here merely for mathematical convenience. However, Romer (1990) defends the linear 

specification on the grounds of there being little evidence of diminishing opportunities for 

research and development.  

Given our specification for technological dynamism, examining the effect of diverting 

technologists from contributive to distractive activity is straightforward. Using [2] to substitute 

for   , we have 

                                                  ̇     ( ̅    )                                                         [3.1] 

and therefore, 

  ̇    ⁄   (    )                                                        [4] 

Thus, the specification for technological dynamism implies that the net effect of diverting 

technologists from contributive activities to distractive activities depends on the relative 

productivity of technologists in the two sectors. Equation [4] implies that diverting a technologist 

from contributive activities towards distractive activities will increase the growth in technology 

if the productivity of technologists in the distractive sector is higher than that of technologists in 
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the contributive sector in terms of producing contributive technologies. Of course, this is an 

assumption built into the model, not a result of the model. However, it illustrates that the simple 

model of endogenous growth presented in this section fits our assumptions about the impact of 

diverting technologists towards distractive activities on technological progress, namely that the 

net effect depends on the relative magnitudes of the resources diversion effect and the positive 

spillover effect. This comes down to a comparison of the relative productivity of technologists in 

each sector in terms of producing contributive technologies, which is captured by equation [4]. 

Notice that equation [4] also implies that the magnitude of the net effect on technological 

progress, whether it is positive or negative, will increase over time. Once again, this is an 

assumption built into the model, not a result of the model. It derives from the assumption of 

increasing returns to scale to research and development that is common in the endogenous 

growth literature, and as discussed above, it is the reason that a model of this type is able to 

experience unbounded growth (Romer 1990). While defending this assumption is well beyond 

the scope of this study, if it is valid then it does have significant implications for the research 

question being addressed here. Suppose that the net effect of diverting a technologist from 

contributive R&D to defense R&D is negative, which would imply that the resource diversion 

effect dominates the positive spillover effect. In the context of the model being presented in this 

section, this would be the case when    , as is made clear in equation [4]. If there is increasing 

returns to research and development for contributive technologies, and if the rate of growth of 

technology is strictly positive, then the magnitude of the negative effect will grow over time. 

This is because the opportunity cost of diversion is increasing when the level of technology is 

increasing, since a higher level of technology increases the rise in the rate of growth of 
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technology achieved from adding more technologists to the R&D sector. This is captured in 

equation [4] as the current level of technology has a multiplicative effect on the difference 

between the relative productivity of technologists in each sector, thus magnifying the net effect 

when the current level of technology is higher.  

The model is similar to the model of endogenous technological growth developed by 

Romer (1990). However, Romer does not assume there to be different categories of research and 

development with different levels of productivity. Moreover, the specification of the aggregate 

production function is different. Romer assumes capital to take many forms, and specifies a 

production function is which each form of capital has an additively separate effect on output. 

Furthermore, Romer assumes that human capital can be employed in either R&D activities or the 

general production of goods and services; thus, human capital is a component in Romer’s 

aggregate production function. Here, we have assumed the production of goods and services to 

require only labor, technology, and capital, with technologists being devoted to research and 

development activities. This is done for simplicity; however, this assumption is tantamount to 

assuming a perfectly inelastic supply curve for technologists. Given the previous discussion 

concerning the effect of military R&D on the aggregate quantity of technologists supplied, we 

should keep in mind that this simple model does not allow for this effect. 

Furthermore, Romer’s analysis considers the profit maximizing problem for firms 

creating technology, firms creating final goods, and the utility maximizing problem for 

households. This analysis will not go into as much detail. Romer considers the optimal behavior 

of these different sectors because his analysis is concerned with solving for a general equilibrium 

and a growth path that is consistent with the preferences of all the entities involved. However, 
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this requires strong assumptions about the behavior of households and firms, and discounts the 

potential for social and political institutions to cause the economy to diverge from the optimal 

path for prolonged periods. Given the nature of this study, which is concerned with the effects of 

diverting technologists to distractive activities, such theoretical depth seems unwarranted and 

unnecessarily tedious. Deriving a general equilibrium and optimal growth path in the context of 

this study would require us to model household preferences not only for consumption, but also 

for national security, the presumed output of military research and development activities, and 

would require the assumption that government officials act in a way that is consistent with 

household preferences. Given the difficulties of such an approach, we will simply examine the 

growth rate of technology and aggregate output implied by the variables specified above. 

Taking the derivative of aggregate output with respect to time, and keeping in mind that 

we are holding the stock of labor, technologists, and capital constant, we have 

 ̇   ̇ ̅  ̅     (       ) ̅  ̅                                          [5] 

Thus, the rate of growth of output is given by 

   ̇  ⁄                                                                [6] 

Therefore, in the context of this model, and with labor, technologists, and capital being held 

constant, growth is determined solely by the distribution of technologist between contributive 

and distractive R&D and their respective productivities. Of course, this is a result of holding the 

stock of capital and labor constant. However, if we allowed labor and capital to grow at some 

arbitrary rate over time, we would still find the effect specified in [6] so long as we use the same 

specification for  ̇. To examine the effect of diverting a technologist from contributive to 

distractive activities, let us first express the rate of growth of output as follows, 
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   ( ̅    )                                                       [6.1] 

Now, taking the derivative of the rate of growth in aggregate output with respect to the number 

of technologists employed in distractive activities, we have 

  

   
                                                                 [7] 

The intuition provided by the model can be found in equations [4] and [7]. The model 

implies that the effect of diverting technologists from contributive research and development 

towards distractive research and development will depend on the relative productivity of the 

technologists being employed in each sector in terms of producing contributive technologies. 

Specifically, diverting a technologist will increase the rate of growth of aggregate output if 

   , and will decrease the rate of growth of aggregate output if    . The former case would 

be consistent with the positive spillover dominating the resource diversion effect, whereas the 

latter would be consistent with the opposite. However, it should be emphasized that this model 

does not allow for a change in the aggregate quantity of R&D, merely a change in the 

distribution of technologists between contributive and distractive R&D. As we have seen, this 

may be of some consequence as increased demand for technologists may increase the aggregate 

quantity of technologists supplied. The assumptions of a fixed supply of non-technical labor and 

capital are of less consequence in the context of this model, particularly if we assume an 

exogenous savings rate. 

2.5 Empirical Analyses of Military Expenditures and Growth 

While a number of empirical analyses have investigated the potential connection between 

military expenditures and economic growth, fewer have looked at the relationship between 

military R&D and technological progress. Litchenberg (1984) investigates the notion that 
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federally funded R&D will increase privately funded R&D through positive external effects. 

Using data for twelve manufacturing industries from 1963-1979, the analysis yielded mixed 

results with some evidence of a negative relationship between federally funded and privately 

funded research and development. Poole and Bernard (1992) use data on the Canadian defense 

industry from 1961 to 1985 to analyze the relationship between military expenditures and total 

factor productivity in the aerospace, shipbuilding, electronics, and chemical industries. Their 

model assumes that military production affects economic growth through its effect on 

technological progress. The regression results suggest a negative relationship between military 

production and total factor productivity in the aerospace and electronics industries, with weaker 

evidence for a negative relationship in the shipbuilding and chemical industries. Chakrabarti and 

Anyanwu (1993) examine the impact of military R&D on technological progress using data for 

the United States from 1955-1988. Using the number of patents granted to U.S. citizens as the 

dependent variable, the analysis found no statistically significant relationship between military 

R&D and the number of patents granted. Dunne and Watson (2005) use data for manufacturing 

industries in OECD countries from 1966-2002 to investigate the relationship between military 

expenditures and technological progress, and find some evidence for a small positive effect.  

A number of studies have focused on the relationship between military expenditures and 

economic growth directly. However, the findings in this body of literature are widely disparate, 

with some analyses finding positive effects and others finding negative effects. Beginning with 

studies that find military expenditures to have a positive impact on economic growth, Mueller 

and Atesoglu (1993) use a neo-classical growth model with two sectors, a civilian sector and a 

defense sector that imposes externalities on the civilian sector. Using this model as the basis of 
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their empirical investigation, the authors find a positive and statistically significant effect on 

economic growth. Likewise, Yildirim, Sezgin and Ocal (2005) find a statistically significant 

positive relationship between military expenditures and economic growth using data for Middle 

Eastern countries from 1989 to 1999. Aizenman and Glick (2006) examine the relationship 

between military expenditures, threats, and economic growth using a cross-country dataset 

covering the years 1989 to 1998. The results of the analysis found military expenditures to 

generally have a negative effect on economic growth, but a positive effect when the nation is 

faced with an external threat. The authors use the number of years that each country was 

involved in a war with each adversary as a measure of the level of external threat. The authors 

attribute this effect to external threats reducing productivity, and military expenditures in the 

presence of an external threat reducing the loss in productivity. 

Mintz and Huang (1990) use a two equation model to identify the effects of military 

expenditures on investment and economic growth. The authors utilize a dataset including 

macroeconomic variables from the United States from 1953 to 1987. The findings show that 

military expenditures have a statistically significant negative effect on investment with a lag of 

five years. The analysis did not find a statistically significant direct effect of military 

expenditures on economic growth, but finds a statistically significant positive relationship 

between investment and economic growth. Therefore, the authors conclude that military 

expenditures have an indirect negative effect on economic growth through the negative effect on 

investment. Heo and DeRouen (1998) study the effects of military expenditures on economic 

growth while controlling for technological change as an independent variable. The authors use 

data for East Asian newly industrialized countries from 1961 to 1990. Using this approach, the 
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analysis finds that an increase in military expenditures has a negative and statistically significant 

impact on economic growth. Using panel data from 1990 to 2003, Kentor and Kick (2008) 

explore the effect of military expenditures per soldier on the growth in per-capita GDP. Results 

of the empirical analysis find a negative relationship between military expenditures per soldier 

and economic growth. Abu-Bader and Abu-Qarn (2003) find military expenditures to have a 

negative effect on economic growth using data for Egypt, Israel and Syria, and Klein (2004) 

found military expenditures to have a negative effect on economic growth using data for Peru 

from 1970 to 1996.  

2.6 Models of Technological Innovation 

2.6.1 Ideas-Driven Growth 

Furman et al. (2002) identify three areas of research regarding the production of new technology. 

The first is the ideas-driven endogenous growth literature. This area of research focuses on a 

small set of aggregate measures that drive innovation. The seminal piece of literature in this area 

of research would be Romer’s (1990) model of endogenous technological growth. In Romer’s 

model, the aggregate stock of technology evolves according to the following equation: 

 ̇       

where   is the total stock of technology,    is the total amount of human capital devoted to 

research and development, and δ is a productivity parameter. Human capital is fixed in the model 

and can be applied either to the production of technology or the production of goods and 

services. The production function for final goods and services takes the form: 
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where    denotes the amount of human capital being applied to the production of final goods 

and services,   denotes the quantity of labor being devoted to the production of final goods and 

services, and   denotes the stock of capital being used in the production of goods and services. 

The aggregate level of technology enters the aggregate production function in Romer’s model in 

that the stock of capital is assumed to be a function of technology, so that technological 

innovations result in the production of previously nonexistent forms of capital.  

Like the classical exogenous growth models that came before it, Romer’s model also 

implies that the rate of economic growth will be a function of the rate of technological progress. 

The new implication of Romer’s model is that the rate of economic growth will be a function of 

the amount of human capital that is devoted to research and development, as this determines the 

rate of technological progress. This is an extension of the classical models of growth where the 

rate of technological progress is assumed to be exogenous.  

The Romer model is the basis for what Furman et al. (2002) identify as the ideas-driven 

theory of innovation. Once again, the ideas-driven line of research attempts to explain innovation 

as a function of a small set of aggregate measures. The Romer model implies that innovation will 

be driven by two factors; the quantity of resources that are devoted to research and development, 

and the existing level of technology. The marginal productivity of resources devoted to research 

and development is increasing over time in Romer’s specification for technological progress. 

2.6.2 Microeconomics-Based Models 

The second area of innovation research identified by Furman et al. (2002) is the 

microeconomics-based models of national competitive advantage and industrial clusters. This is 

largely based on the work of Porter (1990). Porter begins by recognizing the microeconomic 



38 

 

incentives that drive innovation. According to Porter, successful firms must continuously 

innovate and improve lest they be overcome by one of their competitors. The analysis then 

attempts to determine the reasons why some firms in particular countries are able to continuously 

innovate to maintain a competitive advantage. Porter identifies four key drivers of innovation: 

factor conditions, demand conditions, related and supporting industries, and firm strategy, 

structure, and rivalries.  

In terms of factor conditions, Porter notes that the most important factors in terms of 

innovation are those that are specialized and require large and sustained investments as basic 

factors such as labor and natural resources do not create a competitive advantage in knowledge-

intensive industries. Moreover, given the degree of dynamism in the economy, Porter claims that 

the level of specialized factors is less important for continued innovation than the ability to 

continuously create, upgrade, and deploy specialized factors. Such factors are more difficult for 

other countries to imitate, and they therefore bestow the possessor with a comparative advantage 

in innovation and knowledge intensive industries.  

Moving to demand factors, Porter argues that domestic demand is a key determinant of 

innovation. Domestic demand helps local firms to build competitive advantages when the 

domestic demand in a particular market exceeds foreign demand in the same market. Domestic 

firms will focus more attention on industries in which the domestic demand is high, whereas 

foreign firms will focus less attention on those industries if foreign demand is relatively low. 

Competitive forces then result in innovations in the domestic industry, giving the country a 

competitive advantage. Furthermore, strong domestic demand conditions will sometimes precede 

a rise in global demand for the output of some particular industry, and this will aid domestic 
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firms in gaining a competitive advantage in those industries as they devote resources to 

innovation in those industries before foreign firms.  

The third microeconomic determinant of national innovative capacity identified by Porter 

is the existence of related and supporting industries. The existence of supporting industries in the 

home country provides a low cost supply of inputs. Moreover, it allows for a greater flow of 

information between buyers and sellers in resource markets, which encourages innovation and 

greater specialization of resources. Thirdly, the existence of related and supporting industries 

allows labor resources to move between related industries, which encourages innovation by 

providing firms with a supply of people with technical knowledge and potentially with new 

ideas. Finally, the existence of related and supporting industries encourages the realization of 

economies of scale and provides other positive externalities, such as knowledge spillovers, which 

encourages innovation.  

The fourth and last determinant of national innovative capacity identified by Porter is 

domestic firms’ strategy, structure, and rivalries. For example, different management styles may 

be more or less conducive to innovation in different industries. Thus, a nation’s competitive 

advantages will be partially determined by the type of management structure that is popular in 

that nation. Furthermore, differences in national capital markets and compensation practices for 

managers results in firms in different countries having different goals. For example, Porter notes 

that most shares of German corporations are held for long term appreciation, which gives 

corporations an incentive to focus their attention on long term profitability. On the other hand, 

shares of US corporations are typically held for much shorter periods of time and are traded 

much more often, which tends to focus the attention of managers on short term profitability, 
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particularly when compensation is largely based on annual bonuses tied to performance. Porter 

argues that as a result, the United States tends to do well in new industries like software or 

biotechnology whereas Germany tends to do better in more mature and established industries. 

Finally, the existence of domestic rivals is a determinant of national innovative capacity. 

Domestic rivalries encourage innovation to lower costs and increase competitiveness, providing 

countries with a source of international competitive advantage. 

2.6.3 National Innovation Systems 

The third and final area of innovation research identified by Furman et al. (2002) is the national 

innovation systems approach. This approach focuses on the effect of specific public policies and 

national institutions on national innovative capacity. The central question of this study, whether 

military research and development has a net positive or negative effect on technological 

progress, falls squarely within this area of research. Other important lines of research in the area 

of national innovation systems include the effect of the nature and structure of public and higher 

education, the effect of intellectual property protection, and the effect of the division of technical 

resources between private industries, education, and government. 

2.6.4 National Innovative Capacity Approach 

Furman et al. (2002) developed an empirical model to identify the key determinants of national 

innovation using a novel method the authors called the national innovative capacity approach. 

This approach recognized three key domains of factors that contribute to innovation: the 

common innovation infrastructure, the cluster-specific innovation environment, and the linkages 

between the two. The common innovation infrastructure would include cross-cutting factors like 

the availability of capital and labor resources that have technical training, the extent to which 
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countries invest in education, aggregate R&D expenditures, openness to information and 

international trade, as well as other national policies that affect national innovative capacity. The 

cluster-specific innovation environment refers to the microeconomic factors that influence firms’ 

ability to innovate. While the common innovation infrastructure surely affects innovation, 

innovation ultimately derives from decisions made by individual organizations. Thus, the 

microeconomic environment faced by firms, such as the availability of specialized inputs or 

positive externalities that result from geographic clustering, is a key determinant of a country’s 

ability to innovate. Finally, the linkage between the common innovation infrastructure and 

individual industrial clusters is a key determinant of national innovation. The linkages between 

the two, which can be facilitated by universities, trade associations, or any other organization 

that helps to diffuse the common innovation infrastructure to individual industries, determines 

the extent to which the country’s common innovation infrastructure will actually be utilized 

within the country’s industrial clusters.  

The authors use the national innovative capacity approach to build an empirical model 

that identifies several of the key determinants of national innovation. The model employed by 

Furman et al. utilizes panel data on 17 countries and relies on country level variables. The model 

will be discussed in more detail in the next chapter as it will serve as a basis for the empirical 

model used in this analysis. Furman et al. find statistically significant effects of variables 

spanning the three domains of factors that contribute to innovation discussed above. In terms of 

the common innovation infrastructure, the model finds that the current stock of technical 

knowledge, the level of national income, the availability of researchers, total R&D expenditures, 

total education expenditures, and openness to information and trade all have a positive and 
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statistically significant effect on the rate of innovation. Turning to the cluster-specific innovation 

environment, the model finds that privately funded R&D expenditures and the level of 

technological specialization both have a positive and statistically significant effect on the rate of 

innovation. Finally, turning to the linkages between the common innovation infrastructure and 

the cluster-specific innovation environment, the model finds that the share of total R&D 

performed by universities has a positive and statistically significant effect on the rate of 

innovation. 

The national innovate capacity approach has been applied to a number of different 

regions. Gans and Stern (2003) apply the same empirical model used in Furman et al. (2002) 

using data from 29 OECD countries from 1980 to 2000 with similar findings. Hu and Matthews 

(2005) apply the national innovative capacity framework to data for Taiwan, South Korea, 

Singapore, Hong Kong, and China. Once again, the variables used in Furman et al.’s empirical 

model were found to be statistically significant determinants of national innovative capacity for 

those East Asian countries. Hu and Matthews (2008) use the national innovative capacity 

framework to investigate the drivers of technological progress in China using data from 1991 to 

2005, and the findings are consistent with the findings of the previous studies.  

2.7 Discussion 

The results of the empirical analyses of the effects of military expenditures on economic growth 

are widely disparate. Empirical studies in this body of literature have found inconsistent results, 

with some studies suggesting a negative relationship whereas others suggest the opposite. There 

could be many causes of this variation. There are several theoretical specifications that have been 

proposed for analyzing the effects of military expenditures, and the results may be sensitive to 
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specification. However, those analyses focusing directly on the relationship between military 

expenditures and economic growth often fail to model the channels through which military 

expenditures affect growth. This paper makes the claim that technological progress is an 

important mechanism through with resource diversion affects growth, which suggests that 

empirical investigations of the matter should focus on dependent variables that measure the level 

of technology.  

There are fewer empirical analyses that attempt to estimate the relationship between 

defense R&D and technological progress. This may be a result of the relatively scarce data 

regarding technological progress relative to data of measures of general economic growth, such 

as per-capita GDP. Of the fewer studies that do investigate the relationship between military 

R&D and technological progress there seems to be weak evidence of a negative effect, though 

Dunne and Watson (2005) find a small positive effect, particularly during the Cold War Era. 

This study will contribute to the literature by examining the relationship between diverting 

resources from contributive to defense R&D using a cross-country dataset and several dependent 

variables meant to operationalize the concept of technological competence. As such, the 

empirical analysis will attempt to measure the effect of resource diversion on the vector through 

which economic growth is affected, technological progress. The next chapter will discuss the 

data and methodology that will be utilized. 
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CHAPTER 3 

EMPIRICAL MODEL 

3.1 Modeling National Innovative Capacity 

The analysis in this study will build on Furman et al.’s (2002) national innovative capacity 

approach. This approach recognizes three key domains of factors that contribute to a country’s 

ability to innovate: the common innovation infrastructure, the cluster-specific innovation 

environment, and the linkages between the two.  The common innovation infrastructure would 

include cross-cutting factors like the availability of capital and labor resources that have 

technical training, the extent to which countries invest in education, aggregate R&D 

expenditures, openness to information and international trade, as well as other national policies 

that affect national innovative capacity. The cluster-specific innovation environment refers to the 

microeconomic factors that influence firms’ ability to innovate. The linkages between the two, 

which can be facilitated by universities, trade associations, or any other organization that helps to 

diffuse the common innovation infrastructure to individual industries, determines the extent to 

which the country’s common innovation infrastructure will actually be utilized within the 

country’s industrial clusters. Thus, the theoretical model of technical innovation implied by the 

national innovative capacity approach is given by, 

 ̇   (                     ) 

where      represents a set of variables measuring the common innovation infrastructure,       

represents a set of variables measuring the environment for innovation in industrial clusters, 
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      represents a set of variables measuring the linkages between the common innovation 

infrastructure and industrial clusters,   represents the amount of labor and capital resources 

devoted to innovation, and   represents the current level of technology.   

Given the central research question being addressed in this study, the previous 

specification must be altered slightly. That is, the specification must include the possibility of 

different marginal productivities for resources being devoted to different types of research and 

development. Thus, the theoretical specification used in this analysis will be: 

 ̇   (                        ) 

where    represents the quantity of labor and capital resources being devoted to contributive 

research and development and    represents the quantity of labor and capital resources being 

devoted to distractive research and development. 

3.2 Empirical Model 

Building an empirical model based on the national innovative capacity approach requires the 

identification of quantifiable variables to operationalize the concepts of technological progress, 

the common innovation infrastructure, the innovation environment within industrial clusters, the 

linkages between the two, and the division of capital and labor resources between contributive 

and distractive research and development. This study will draw on previous empirical work 

utilizing the national innovative capacity approach to operationalize the concepts. A full list and 

description of variables used in this study can be found in Table 3.1. 

Beginning with the main dependent variable, technological progress, this study will use 

patent data as a measure of technological progress. There are many well-known pitfalls to using 

patent data to measure technological progress. Sources of bias include the fact that not all 
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Table 3.1. Variable Descriptions 

Variable 

 

Variable Name Description Source (Years Available) 

PATENTSi,j,t Patents The number of new patent applications 

under the PCT in country i, IPC 

category j, and at time t. 

OECD Science and 

Technology Indicators 

(1976 – 2012) 

DefRD Government Budget 

Appropriations for 

Defense R&D 

Total government budget 

appropriations for defense R&D as 

defined by the European 

Commission’s Nomenclature for the 

Analysis and Comparison of Scientific 

Programmes and Budgets. Measured 

in constant 100’s of  millions of  2005 

dollars. 

OECD Science and 

Technology Indicators 

(1981 – 2014) 

FTERD R&D personnel Number of full time equivalent R&D 

personnel (1,000s) 

OECD Science and 

Technology Indicators 

(1981 – 2013) 

GrossRD Gross Domestic 

R&D 

Gross domestic expenditures on R&D 

measured in 100’s of  millions of 

constant 2005 dollars.  

OECD Science and 

Technology Indicators 

(1981 – 2013) 

RGDP Real GDP Real per capita GDP measured in 

thousands of constant 2005 dollars. 

World Bank World 

Development Indicators 

(1970 – 2013) 

EDUC Education Per Capita Education Expenditures 

measured in thousands of  2005 

dollars. 

World Bank World 

Development Indicators 

(1970 – 2013) 

TRADE International Trade Sum of exports and imports as a 

percent of GDP. 

World Bank World 

Development Indicators 

(1960 – 2013) 

BusRD Business R&D 

Expenditures 

Gross R&D expenditures funded by 

businesses. Measured in constant 

100’s of  millions of  2005 dollars. 

OECD Science and 

Technology Indicators 

(1981 – 2013) 

UnivRD University R&D 

Expenditures 

Gross R&D expenditures funded by 

universities. Measured in constant 

100’s of  millions of  2005 dollars.  

OECD Science and 

Technology Indicators 

(1981 – 2013) 

NonProfRD Non-Profit R&D Gross R&D expenditures funded by 

non-profit organizations. Measured in 

constant 100’s of  millions of  2005 

dollars. 

OECD Science and 

Technology Indicators 

(1981 – 2013) 

NetGovRD Net Government 

R&D 

Gross R&D expenditures funded by 

government, net of defense R&D. 

Measured in constant 100’s of  

millions of  2005 dollars. 

OECD Science and 

Technology Indicators 

(1981 – 2013) 

HERF Herfindahl Index Sum of squared shares of patents in 

each of the IPC patent categories.  

Calculated from OECD 

Science and Technology 

Indicators 

(1981 – 2013) 
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inventions are patented, the propensity to apply for a patent differs across technical fields and 

across countries, most patents turn out to be of little economic value, and that patent laws, or the 

enforcement of patent laws, change over time. Nonetheless, using patent data remains a very 

common way of operationalizing the concept of technological progress (OECD 2009). 

Technological progress is a difficult concept to operationalize, and using patent data has several 

advantages including that fact that most important inventions are patented, patents cover a broad 

range of technologies, and that patent data covering a large number of countries over significant 

time periods can be easily obtained. However, it should be remembered that patent data does not 

perfectly capture the dependent variable of interest, technological progress, and that using patent 

data as the dependent variable in this study is a potential source of bias.  

Another source of bias introduced by the use of patent data for this study is the fact that 

defense innovations are themselves patentable, though the secretive nature of defense R&D may 

result in fewer defense products being patented relative to contributive technologies. This 

represents a problem as the ideal dependent variable would be contributive technological 

progress, meaning technological progress that aids in the production of consumption and capital 

goods. To mitigate this problem, this study will not only examine the effect of diverting 

resources towards military research and development on the total number of new patents, but 

also on the number of patents in each technology domain as classified by the International Patent 

Classification (IPC). The individual technology domains are human necessities (IPC A), 

performing operations and transporting (IPC B), chemistry and metallurgy (IPC C), textiles and 

paper (IPC D), fixed constructions (IPC E), mechanical engineering, lighting, heating, weapons, 

and blasting (IPC F), physics (IPC G), and electricity (IPC H). Patent applications for weapons 
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and ammunition have been removed from the data for the IPC F category as to attempt to rid the 

data of patents for defense products. Using each of the IPC categories as separate dependent 

variables will allow the identification of the effect of defense R&D on individual domains of 

technology. We would expect the effect to differ across technological domains given the fact that 

the military will draw resources away from some domains more so than others. For example, the 

military is likely to enlist more electrical and mechanical engineers in defense R&D than climate 

scientists, so we would expect the resource diversion effect to be stronger in some domains than 

in others.  

Additionally, this study will use as the dependent variable the number of patent 

applications filed under the Patent Cooperation Treaty (PATENTS). The PCT is an international 

patent treaty that provides applicants with uniform procedures for filing patent applications in 

each of the contracting states. Patents applications filed under the PCT are known as 

international patents. Using international patent applications may mitigate some of the bias 

introduced through the use of patent applications as the dependent variable. Dosi et al. (1990) 

find the number of foreign patent grants to be the most reliable indicator of technological output. 

Furman et al. (2002) point out that filing for patent protection in a foreign country is a more 

costly endeavor than simply filing for patent protection in the home country. As such, obtaining 

a foreign patent is only worthwhile for inventors that expect to make a return in excess of this 

additional cost. Therefore, the authors argue, a foreign patent application is a more reliable 

measure of economically valuable innovation than a domestic patent application. Since the PCT 

only provides uniform procedures to applicants seeking to obtain patent protection in different 

countries, it can be assumed that inventors filing a PCT application generally intend to apply for 
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patent protection in multiple countries. Therefore, following the logic of Dosi et al. and Fruman 

et al., applications filed under the PCT should be a more reliable measure of technological 

progress than patents granted by individual countries. Furthermore, the use of international 

patent applications is desirable for this study as defense products are less likely to be patented 

internationally given the secrecy inherent in defense R&D. Thus, the dependent variable used in 

the empirical model will be the number of patent applications filed under the PCT for a given 

country (inventor’s country of residence) during a given year.  

The main independent variable must measure the degree of resource diversion from 

contributive research and development to distractive research and development. Given the 

assumption that military R&D is a primary domain of distractive research and development 

(Dumas 1986), the independent variable used in the empirical analysis will be total government 

budget appropriations for defense research and development (DefRD), as defined by the 

European Commission’s Nomenclature for the Analysis and Comparison of Scientific 

Programmes and Budgets, in a given country during a given year and measured in constant 2005 

US dollars. Once again, this is not a perfect measure of the true independent variable of interest, 

which is the total quantity of capital and labor resources, particularly those with scientific or 

technical expertise, being devoted to defense research and development. First, it only measures 

the amount of funding for military R&D provided by the government and excludes private 

funding of such research. Second, dollar figures do not tell us the type of resources being 

diverted, whether they are skilled workers with scientific or technical expertise, unskilled 

workers providing support, or capital resources, but only tells us the total value of resources 

being devoted to defense R&D activities. Nonetheless, limitations in the availability of data 
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exclude the possibility of operationalizing the concept of resource diversion perfectly. Given that 

the government is the only user of military goods, it is fair to assume that the government funds a 

substantial portion of defense research and development, making the independent variable as 

reasonable of a measure of resource diversion as is allowed by the availability of international 

R&D data. Furthermore, the model will include multiple interaction variables. Specifically, 

government defense R&D expenditures will be interacted with expenditures on R&D financed 

by businesses, expenditures on R&D financed by universities, expenditures on R&D financed by 

non-profit organizations, and expenditures on non-defense related R&D financed by government. 

The purpose of doing this is to determine the effect that government financed defense R&D 

expenditures has on the output from other types of R&D. If it is indeed the case that government 

financed defense R&D expenditures either crowds out or compliments other types of R&D, then 

it is important to include such interaction variables to determine the effect that government 

funded defense R&D has on the productivity of R&D financed by other sectors. 

In addition to military R&D, variables that measure the other determinants of national 

innovative capacity at the three levels of analysis must be included as controls. This study will 

utilize a set of independent variables that have been found to be statistically significant 

determinants in various studies that employ the national innovative capacity approach (Furman et 

al. 2002; Gans & Stern 2003; Hu & Matthews 2005; Hu & Matthews 2008).  Beginning with the 

common innovation infrastructure, we must include variables to control for the total amount of 

resources with technical skills that are being devoted to contributive R&D. One measure that has 

been found to be statistically significant in multiple studies is the number of full time equivalent 

R&D personnel (FTE RD). Data on full time equivalent R&D personnel is available from the 
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OECD. Furthermore, we must control for the current stock of technical knowledge. One method 

that has been employed in the national innovative capacity literature is to use real GDP per capita 

as a proxy for the stock of knowledge (RGDP). The logic is that real GDP per capita reflects a 

country’s ability to transform its technical knowledge into economic output, making it a proxy 

measure of the stock of technical knowledge. Of course, this measure is imperfect, but the 

difficulty in measuring the stock of knowledge requires the use of proxy variables. Data for real 

per capita GDP is available from the World Bank World Development Indicators. 

The model must also control for institutional systems and national infrastructures that 

support innovation. One such variable that has been found to be a significant determinant of 

national innovative capacity is education expenditures. A larger quantity of resources devoted to 

education indicates a larger amount of human capital available in the economy, which would be 

expected to result in more innovation. As such real per capita education expenditures are 

included as an independent variable (EDUC). Data on education expenditures was obtained from 

the World Bank World Development Indicators. A second institutional factor that has been found 

to be an important determinant of national innovative capacity is international openness to trade 

and investment (TRADE). Openness to international trade and investment means it is easier for 

firms to obtain financing for R&D. Furthermore, international openness promotes the free 

exchange of ideas, which results in technological progress and can allow developing countries to 

expand rapidly as they import better technology. This variable will be measured as the sum of 

exports and imports as a percent of GDP, and this data is available from the World Bank World 

Development Indicators. 
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Moving on to the cluster-specific innovation environment, it becomes difficult to 

operationalize cluster-specific concepts using country level data. Gross R&D expenditures 

funded by private businesses (BusRD) has been found to be a statistically significant determinant 

of national innovative capacity. All else equal, a larger amount of R&D being funded by private 

industries implies an industrial environment that is conducive to innovation. While this measure 

does not include many of the microeconomic intricacies that determine the innovation 

environment faced by industries, which likely cannot be captured by country level data, it does 

provide some insight into the profitability of investing in R&D. Data on R&D expenditures 

financed by private industry is available from the OECD Science and Technology Indicators. In 

addition to R&D expenditures funded by private businesses, empirical studies of national 

innovative capacity have used measures of technological specialization. A greater degree of 

specialization creates a pool of specialized inputs that firms can draw from. Furthermore, a 

greater degree of specialization may imply the existence of external benefits between firms, 

which increases the ability of private industries to innovate. This study will use a Herfindahl 

Index (HERF) as a measure of technological specialization. The index is calculated as the sum of 

squared shares of each category of patents as defined by the International Patent Classification 

system. Thus, the largest possible value for the index would be 10,000, which would correspond 

to a situation in which all of a country’s patent applications fall within a single IPC 

classification. The larger the Herfindahl Index, the greater is the degree of technological 

specialization.  

The third domain of factors, the quality of the linkages between the common innovation 

infrastructure and industrial clusters, is also difficult to operationalize using country level data. 
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One variable that has been used to operationalize this concept and has been found to be a 

statistically significant determinant of national innovative capacity is total expenditures on R&D 

funded by universities (UnivRD). University research is typically released to the public through 

academic journals, unlike research at for-profit organizations or defense R&D, both of which are 

often secretive. Thus, a large amount of R&D funded by universities indicates a strong linkage 

between a country’s common innovation infrastructure and its industrial clusters. This data is 

available from the OECD Science and Technology Indicators. In addition to R&D funded by 

universities, R&D funded by non-profit organizations (NonProfRD) and non-defense R&D 

funded by government (NetGovRD) will be included as measures of the quality of linkages 

between the common innovation infrastructure and the cluster-specific innovation environment. 

The rationale for including these variables as proxies for the quality of linkages between the 

common innovation infrastructure and the cluster-specific innovation environment is similar to 

the rationale behind using university funded R&D. These tend to be more open institutions and 

the results of R&D conducted by non-profits and by the government (net of defense R&D) tend 

to be released to the public, providing a linkage between the common innovation infrastructure 

and the cluster-specific innovation environment. Once again, this data is obtained from the 

OECD Science and Technology Indicators. 

Thus, the basic specification will be as follows: 
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where the subscript i refers to the country, j refers to the IPC category to which the patent 

application is applicable, t refers to the year, and k refers to the lag on the independent variables. 

Lags of 1 to 5 years will be used.  

This study expands the literature on national innovative capacity in a number of ways. 

The most obvious, and most important, is that it includes a measure of resources that are being 

devoted to defense R&D as opposed to contributive R&D. Furthermore, other examples of 

empirical work in the national innovative capacity literature failed to correct for distributional 

issues in the data. This analysis furthers the national innovative capacity literature by employing 

a robust regression technique that accounts for the presence of outliers that may act as leverage 

points and bias the estimated coefficients. Another important distinction is that the dataset used 

in this analysis covers more years than previous analyses in the national innovative capacity 

literature. Moreover, other studies have focused on total patent applications as the main 

dependent variable, whereas this study will use patent applications in particular IPC patent 

categories. This will allow us to determine if the explanatory variables have different effects on 

different types of technological progress.  

3.3 Summary Statistics  

Table 3.2 reveals a great deal of variation in the variables of interest. The mean number of patent 

applications filed under the PCT across all countries and years is 2072.87, with a standard 

deviation of 6404.12. Thus, the coefficient of variation for the total number of patent 

applications is approximately 3.09. Likewise, there exists a great deal of variation in gross R&D 

expenditures with a mean of $237.57 million 2005 dollars and a standard deviation of 558.20, 

yielding a coefficient of variation of approximately 2.35. The next statistic is of great interest to 



55 

 

Table 3.2. Summary Statistics 

Variable N Mean Std. Dev. Min Max 

Total Patent Applications 

Filed Under PCT 

(Fractional Count) 

1088 2072.87 6404.12 0 52060.52 

Gross R&D (100’s of 

millions of 2005 dollars) 

805 237.57 558.20 0.34 3967.12 

R&D Dollars Per Patent 

(100’s of millions of 2005 

dollars) 

795 0.93 6.25 0.03 119.01 

Government Defense R&D 

(100’s of millions of 2005 

dollars) 

773 32.98 129.20 0 858.82  

Business Funded R&D 

(100’s of millions of 2005 

dollars) 

769 146.67 359.03 0.02 2397.70 

University Funded R&D 

(100’s of millions of 2005 

dollars) 

600 8.88 22.23 0.00 118.14 

Non-Profit Funded 

R&D(100’s of millions of 

2005 dollars) 

624 7.64 23.77 0 169.22 

Non-Defense Government 

Funded R&D (100’s of 

millions of 2005 dollars) 

773 65.53 107.48 0.20 804.92 

 

this study; namely, the average number of R&D dollars per patent application filed under the 

PCT across all countries and years is approximately $93 million, which seems to be a large 

number per patent. However, it should be remembered that this study is only using a subset of 

total patent applications for each country; that is, patent applications that are filed under the PCT. 

The purpose of restricting the analysis to this subset of patent applications is to ensure that the 

dataset contains economically valuable patents, with the assumption being that an application 
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submitted under the PCT indicates that the applicant intends to file for patent protection in 

multiple countries. It is further assumed that the intent to file for patent protection in multiple 

countries indicates that the applicant believes the patent to be of significant economic value.  

Nonetheless, $93 million per patent is an extremely large number. Furthermore, there is a 

great deal of variation in the number of R&D dollars per patent application. With a mean of 0.93 

and a standard deviation of 6.25, the coefficient of variation is approximately 6.72. The large 

average number of R&D dollars per patent application will result in relatively small coefficients 

when total patents are regressed against various types of R&D expenditures. Finally, there is a 

great deal of variation in government defense R&D. With a mean of 29.87 (100’s of millions of 

2005 dollars) and a standard deviation of 117.50, the coefficient of variation for government 

defense R&D is approximately 3.93. 

Figure 3.1 shows the gross R&D expenditures for four select countries from the dataset; 

Canada, France, Germany, and the United Kingdom. The graph illustrates a great deal of 

variation not only between countries, but within countries as well. Each of the four countries 

have experienced an increase in real R&D expenditures over the course of time covered in the 

data, with Germany experiencing particularly large increases in Gross R&D expenditures. 

Likewise, Figure 3.2 shows government defense expenditures for the same four countries. Once 

again, there is a great deal of variation not only between countries, but within countries as well. 

Aside from Canada, where real defense R&D expenditures have been low and flat for the entire 

course of time covered in the data, real defense R&D expenditures have fallen since 1981, with 

particularly large declines in France and the UK. Finally, Figure 3.3 shows total patent 

applications filed under the PCT for each of the four countries. Once again, significant variation 
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exists both between and within countries. Each of the four countries had a relatively low number 

of patent applications during the early period of the dataset with an upward trend over time, and 

with particularly strong growth in the number of patent applications in Germany. Furthermore, 

the graph seems to illustrate a greater sensitivity in patent application to the business cycle in 

Germany relative to the other three countries, with patent applications falling significantly during 

the recession of 2007 to 2009 and subsequently during the period of the European debt crisis.  

Figure 3.4 shows real gross R&D expenditures for the United States from 1981 to 2012. 

As with the other four countries discussed above, there has been an increase in real gross R&D 

expenditures in the United States over the time period covered in the data. However, Figure 3.5 

shows that the trend in real defense R&D expenditures in the United States differs from the 

countries discussed above. Whereas real defense R&D spending remained low and constant in 

Canada and fell in Germany, France, and the UK, real defense R&D expenditures have risen in 

the United States since 1981. In fact, the graph seems to reveal a sort of political business cycle  

manifested in defense R&D expenditures, with expenditures rising during years in which there is 

a Republican presidential administration (with the exception of 1988 to 1992) and falling or 

remaining stable during years in which there is a Democratic presidential administration. Finally, 

Figure 3.6 shows total patent applications filed under the PCT for the United States from 1981 to 

2012. Like the other countries discussed, total patent applications in the United States have 

followed an upward trend. Like Germany, the graph illustrates that patent applications from the 

US are more sensitive to the business cycle than the other countries discussed, with patent 

applications falling significantly during the recession of 2007 to 2009 as well as during the early 

2000s. 
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Figure 3.1. Gross R&D Expenditures for Selected Countries 

 

 

 

 
Figure 3.2. Government Defense R&D Expenditures for Selected Countries 
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Figure 3.3. Total Patent Applications under the PCT for Selected Countries 

 

 

 

 
Figure 3.4. Gross R&D Expenditures for the United States 
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Figure 3.5. Government Defense R&D Expenditures for the United States 

 

 

 

    
Figure 3.6. Total Patent Applications under the PCT for the United States 
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3.4 Estimation Technique 

3.4.1 Robust Regression 

An analysis of Table 3.2 reveals a great deal of dispersion in the variables being used in this 

analysis. One potential problem is that this may indicate the presence of outliers, which can 

cause OLS estimates to be arbitrarily large or small. Hadi (1992) proposed an algorithm for 

identifying outliers. Table 3.3 displays the results of the algorithm devised by Hadi, and 

illustrates that the presence of outliers poses a serious threat to this analysis, with nearly 40% of 

observations of government funded defense R&D being identified as outliers according to the 

method. As such, it is appropriate to implement a robust regression technique. Mosteller and 

Tukey (1977) define a robust estimator as one that satisfies the conditions that a small change in 

the data will not cause a substantial change in the estimate and that the estimate is highly 

efficient under a wide range of circumstances. The first condition, which reflects the resistance 

of the estimator to unusual observations, is known as robustness of validity, whereas the second 

condition, which relates to the underlying distributional assumptions, is known as robustness of 

efficiency. 

            Given the outliers, statistical inferences made from OLS are likely invalid. As a result, it 

becomes necessary to implement a robust regression technique. Robust regression is defined as 

any regression that limits the influence of unusual observations on the value of estimates 

(Anderson 2008). A robust estimator must have a high breakdown point, which is a measure of 

the resistance of the estimator to unusual observations. The breakdown point is defined as the 

smallest fraction or percentage of outliers an estimator can tolerate without giving an arbitrary 

result. The largest possible breakdown point for an estimator is 0.5 (50%) as it is impossible to 
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Table 3.3. Outliers 

TotPat N = 1088 

Outliers = 99 (9.1%) 

Gov Def N = 772 

Outliers = 308 (39.9%) 

Researchers N = 736 

Outliers = 69 (9.4%) 

GDPCap N = 1019 

Outliers = 0 

Education Per Capita N = 764 

Outliers = 0 

Trade N = 1023 

Outliers = 15 (1.5%) 

BusRD N = 769 

Outliers = 101 ( 13.1%) 

Herf N = 1017 

Outliers = 101 (9.9%) 

UnivRD N = 600 

Outliers = 84 (14.0%) 

NonProf N = 624 

Outliers = 130 (20.8%) 

GovNetRD N = 773 

Outliers = 48 (6.2%) 

 

identify outliers as being unusual observations when they account for more than 50% of the 

available observations. Thus, the closer the breakdown point of an estimator is to 0.5, the more 

robust is the estimator in terms of robustness of validity. While Anderson (2008) defines robust 

regression purely in terms of robustness of validity, it is desirable for statistical inferences for an 

estimator to be robust in terms of efficiency. Generally, an estimator is considered to be efficient 

when the ratio of the minimum possible variance to the actual variance of the estimator is equal 

to one, and estimators are said to be asymptotically efficient if efficiency is achieved when 

sample sizes grow very large.  
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A number of robust regression techniques have been developed. Huber (1964) proposed 

the M-estimation technique. M-estimation is similar to OLS in that a function of the error term is 

minimized; however, instead of minimizing the sum of squared residuals, M-estimation 

minimizes a less rapidly increasing function of the residuals in which larger residuals are 

assigned smaller weights, typically a Tukey Biweight function. Given that the residuals are 

needed to calculate the weights used, an iteratively reweighted least squares process is employed. 

The process begins by estimating the equation using OLS and using the residuals to calculate the 

weights for the weighted function of the residuals that is to be minimized. However, the results 

are not scale invariant, so the residuals that are used in the weighted function must be scaled by a 

measure of the variation of the error term, and this estimated scale is known as the M-estimate of 

the error scale and is also estimated during the first stage of OLS. Typically, the median absolute 

deviation (MAD) is used. The process then uses weighted least squares to obtain new estimates 

and new residuals, which are used to calculate new weights. The iterative process continues until 

the difference in estimates between iterations approaches zero. M-estimates proved to be highly 

efficient, maintaining 95% efficiency relative to OLS under the Gauss-Markov assumptions 

(Anderson 2008). However, while M-estimators represent an improvement over OLS in terms of 

robustness of validity as they are robust to outliers in the dependent variable, they are not robust 

to leverage points, meaning outliers in the independent variables that are influencing the 

estimates. The breakdown point for M-estimators is 0.  

The S-estimate was proposed by Hampel (1975) in response to the low breakdown point 

of M-estimators. As opposed to minimizing the sum of squared residuals, as is done in OLS, S-
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estimation minimizes a robust M-estimate of the residual scale. Thus, the S-estimator is defined 

as 

 ̂     
 

 ̂ (          ) 

subject to the condition 

 

 
∑ (

  

 ̂ 
)     ( ) 

 

   

 

where  ( ) denotes the Tukey Biweight function and     (   ). S-estimates have a high 

breakdown point of 0.5, but this comes at the expense of a large loss of efficiency. S-estimates 

maintain only 30% of the efficiency of OLS under the Gauss-Markov assumptions. 

Yohai (1987) proposed the MM-estimator. In the first step of MM-estimation, S-

estimates of the regression coefficients are estimated and use to create an M-estimate of the scale 

of the residuals. The predicted residuals of the S-estimate and the M-estimate of the residual 

scale are used to create weights for the weighted function of scaled residuals, at which point the 

M-estimate technique is employed. Thus, the primary difference between the M-estimate and the 

MM-estimate is that the M-estimate uses OLS to produce the initial weights, whereas the MM-

estimate uses an S-estimate to produce the initial weights. The MM-estimate combines the high 

breakdown point of the S-estimate with the efficiency of the M-estimate. The MM-estimator has 

a breakdown point of 0.5 and maintains 95% of the efficiency of OLS under the Gauss-Markov 

assumptions (Anderson 2008).  

Finally, Maronna and Yohai (2000) propose the MS-estimate for panel data models. The 

MS-estimate creates separate estimates for continuous and categorical variables. An M-estimate 

is used to calculate the coefficients for categorical variables. Since categorical variables do not 
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contain leverage points and the M-estimate is more efficient than the S-estimate, it is appropriate 

to use M-estimation to calculate the coefficients for categorical variables. An S-estimation is 

then used to calculate coefficients for the continuous variables. As such, the MS-estimator is 

particularly well-suited for estimating panel data models with fixed effects. Verardi and Croux 

(2009) develop an algorithm for calculating MM-estimates with categorical variables based on 

the approach taken by Maronna and Yohai (2000). As opposed to using an S-estimate in the 

initial iteration, as is typically done when conducting an MM-estimation, an MS-estimate is used. 

This will be the approach taken in this analysis as it is well-suited for panel data models, 

maintains the high breakdown point of the S-estimator and maintains the high level of efficiency 

of the M-estimator. Each estimate will include a Pseud R-squared calculated as   (
   

   
) , 

where    represents the M-estimate of the scale of the residual of the model and     represents 

the M-estimate of the scale of the residual of the model with only a constant. Therefore, it is a 

robust regression analog of the traditional R-squared calculated when conducting OLS. 

3.4.2 Other Potential Problems 

The potential for heteroskedasticity and autocorrelation pose a potential problem as these can 

bias the standard errors, resulting in incorrect inferences. Croux, Dhaene, and Hoorelbeke (2003) 

propose a standard error for the MM-estimator that is robust to heteroskedasticity and 

autocorrelation, and this technique will be employed in this analysis. Another potential pitfall is 

the existence of multicollinearity, which will not bias the estimated coefficients but may bias the 

standard errors, resulting in incorrect inferences. However, this analysis builds on the national 

innovative capacity literature which has compiled a list of variables meant to explain 

technological progress. As such, no variables will be dropped out of concern over 
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multicollinearity. Thus, it will be necessary when analyzing the results to keep in mind the 

potential for inflated standard errors resulting from mutlicollinearity. The same appeal will be 

made with respect to model specification. This analysis is meant to expand the literature on 

national innovative capacity by including the distribution of R&D expenditures across purposes 

as an explanatory variable and by employing a robust regression technique, which has not been 

done in previous empirical studies on national innovative capacity. As such, this model is built 

under the assumption that the national innovative capacity model is correctly specified.  

The potential for endogeneity poses a serious threat to the analysis as this would bias the 

estimated coefficients. Endogeneity can result from omitted variables, measurement error, and 

simultaneity. In terms of the potential for omitted variable bias, this analysis builds on the 

national innovative capacity literature, and therefore depends on the validity of this line of 

literature in providing a comprehensive list of variables to explain national innovative capacity. 

Furthermore, the fixed effects estimation alleviates the potential for omitted variable bias by 

controlling for unobserved, time-invariant heterogeneities between countries. One particular 

difficulty in this model is measuring the current available stock of technology. It is common in 

the national innovative structure approach to use either a running total of patents for each 

country from the beginning of the dataset or to use real per capital GDP as a proxy, with the 

assumption being that real per capital GDP is correlated with a society’s ability to translate 

technical knowledge into economic output. However, both of these approaches have severe 

shortcomings. Including a lagged dependent variable results in biased estimators, and using real 

per capita GDP is specious as there are factors other than the stock of technology that determine 

real per capita GDP. Estimating a model with unobserved heterogeneities will control for 
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unobserved differences in technology levels that are not captured by the aforementioned 

variables, as well other unobserved effects.  

Turning to measurement error, it is certain that this study suffers from measurement 

error. First, the dependent variable, patent applications, is only a proxy for national innovative 

capacity, and the problems with using patents as the dependent variable have already been 

discussed. In addition to this, the data only includes defense R&D that is funded by government, 

so the independent variable fails to measure total defense R&D accurately. Finally, several of the 

control variables fail to perfectly operationalize the variables of interest. For example, the 

national innovative capacity approach uses real GDP per capita as a proxy for the current level of 

technology, with the reasoning being that real GDP per capita is a reflection of society’s ability 

to turn resources into products. Thus, it is clear that this analysis suffers from measurement error, 

and this must be kept in mind when analyzing the results.  

Finally, there is the potential for simultaneity. It is popular among some applied 

econometricians to claim that lagging the independent variables alleviates the potential for 

simultaneity, though this claim is false (Reed 2015). Thus, the lagged structure of the 

independent variables cannot be relied upon to prevent simultaneity, and this must be kept in 

mind when analyzing the results. Future work in the national innovative capacity approach 

should focus on the potential for endogeneity and the application of appropriate instruments to 

alleviate the problem. However, the purpose of this paper is to expand the national innovative 

capacity literature to include the distribution of resources across types of R&D as an explanatory 

variable, not to critique the methods employed in the national innovative capacity literature. As 

such, the potential for endogeneity should be kept in mind when analyzing the results.  
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Another potential problem is the existence of missing data. As one can see by comparing 

the summary statistics found in Table 3.2 with the sample sizes of the regression models, there is 

clearly a great deal of missing data. If the data is missing at random then this does not 

necessarily pose a problem for estimation. However, if the probability of a particular observation 

missing is a function of the observed and unobserved data then this can bias our estimation 

results (Rotnitzky & Wypij 1994). Unfortunately, this analysis is limited to the data that is 

available, which is less than ideal for addressing the central research question in a number of 

ways. Thus, the potential for missing data to bias the results must be kept in mind when drawing 

inferences from the analysis.  
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CHAPTER 4 

FINDINGS AND DISCUSSION OF RESULTS 

4.1 Findings 

 

Table 4.1 displays the results for the model using total patent applications as the dependent 

variable. The Pseudo R-squared values, which range from 0.7074 to 0.8112, indicate that a great 

deal of the variation in total patent applications is explained by the model. Note that R-squared 

values are generally lower than those found in other studies in national innovative capacity. For 

example, Furman et al. (2002) find adjusted R-squared values ranging from 0.939 to 0.973 using 

a similar model estimated by OLS with fixed effects and using a lag of three years for 

independent variables. However, it is important to note that the Pseudo R-squared values 

reported here are not directly comparable to R-squared values computed from models using 

OLS. Nonetheless, the values imply a large degree of explanatory power. Table 4.2 displays the 

results for the model using IPC A category patent applications (Human Necessities) as the 

dependent variable. Once again the Pseudo R-squared values, which range from 0.7621 to 

0.8479, indicate that the variation in IPC A patent applications is well explained by the model. 

The same is true for IPC B category patent applications (Performing Operations; Transportation), 

with Table 4.3 displaying Pseudo R-squared values ranging from 0.7984 to 0.8771.  

Table 4.4 displays the results for the model using IPC C category patent applications 

(Chemistry; Metallurgy). While the Pseudo R-squared values, which range from 0.6448 to  

0.7625, still indicate a large degree of explanatory power, they are generally lower than the 
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Pseudo R-squared values in Tables 4.1 to 4.3. This may indicate that IPC C category patent 

applications are less responsive to changes in R&D expenditures than other categories. Table 4.5 

displays the results for the model using IPC D category patent applications (Textiles; Paper) as 

the dependent variable. The Pseudo R-squared values in Table 4.5 indicate that the model has 

very little explanatory power, with Pseudo R-squared values ranging from 0.0000 to 0.2086. This 

may indicate that IPC D category patent applications simply are not responsive to changes in 

R&D expenditures or changes in the other control variables, perhaps because of the basic nature 

of technologies falling under the IPC D category.  

Table 4.6 displays the results for the model using IPC E category patent applications 

(Fixed Constructions) as the dependent variable. The Pseudo R-squared values in Table 4.6 

range from 0.7218 to 0.7929, indicating that variation in IPC E category patent applications is 

well explained by the variation in the independent variables. Table 4.7 displays the results for the 

model using IPC F category patent applications (Mechanical Engineering; Lighting; Heating; 

Blasting) as the dependent variable. Note that this category includes weapons, but weapon 

applications have been manually removed from the dataset as the ideal dependent variable would 

contain only economically contributive technologies given that the purpose of this study is to 

estimate the impact of military R&D on the production of economically contributive 

technologies, which would not include military products like weapons. The Pseudo R-squared 

values in Table 4.7 range from 0.7171 to 0.7996, indicating a great deal of explanatory power. 

Table 4.8 displays the results for the model using IPC G category patent applications 

(Physics) as the dependent variable. The Pseudo R-squared values range from 0.3114 to 0.6408, 

indicating a modest degree of explanatory power. Finally, Table 4.9 displays the results for the 
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model using IPC H category patent applications (Electricity) as the dependent variable. As was 

the case with the model using IPC D category patents, the Pseudo R-squared values in Table 4.9 

suggest that the model has little explanatory power, with Pseudo R-squared values ranging from 

0.000 to 0.2364. Once again, this indicates that variation in patent applications in this category is 

not well explained by variations in the independent variables.  

There are several findings that are consistent across specifications. The strongest finding 

is that there is a positive and statistically significant relationship between the number of patent 

applications and the amount of research and development financed by the business sector. This is 

unsurprising given that for-profit firms have a strong incentive to patent the results of their R&D 

activities. Indeed, the models suggest business financed R&D to be a main driver of patent 

applications. The coefficient for business financed R&D is positive and statistically significant at 

the 1% level in 39 of the 45 models, positive and statistically significant at the 5% level in 40 of 

the 45 models, and positive and statistically significant at the 10% level in 41 of the 45 models. 

Another finding that is fairly consistent across specifications is a positive and statistically 

significant relationship between patent applications and R&D financed by universities. The 

coefficient for university financed R&D is positive and statistically significant at the 1% level in 

27 of the 45 models, positive and statistically significant at the 5% level in in 31 of the 45 

models, and positive and statistically significant at the 10% level in 32 of the 45 models.  

There is also some evidence of a positive relationship between patent applications and 

per capita education expenditures. The coefficient for per capita education expenditures is 

positive and statistically significant at the 1% level in 16 of the 45 models, positive and 

statistically significant at the 5% level in 21 of the 45 models, and positive and statistically 
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Table 4.1. Dependent Variable: Total Patents 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -194.951*** 

(11.577) 

-132.314*** 

(5.530) 

-146.613*** 

(6.053) 

-143.299*** 

(14.241) 

-101.281 

(100.269) 

DefRD x 

BusRD 

0.143*** 

(0.027) 

0.488*** 

(0.063) 

-0.158*** 

(0.042) 

0.550*** 

(0.065) 

0.428*** 

(0.063) 

DefRD x 

UnivRD 

15.353*** 

(1.025) 

15.453*** 

(1.072) 

23.350*** 

(0.927) 

15.799*** 

(1.864) 

14.572*** 

(1.345) 

DefRD x 

GovRD 

1.008*** 

(0.136) 

0.443*** 

(0.063) 

1.017*** 

(0.052) 

0.305*** 

(0.059) 

0.116 

(0.695) 

DefRD x 

NonProfRD 

-12.890*** 

(1.086) 

-25.662*** 

(1.185) 

-8.514*** 

(0.819) 

-10.469*** 

(1.201) 

-8.426*** 

(2.937) 

Common 

Innovation 

Infrastructure 

     

FTE RD 3.854* 

(2.307) 

0.881 

(1.564) 

0.555 

(1.246) 

7.150** 

(3.360) 

-4.092 

(17.492) 

RGDP -7.423 

(5.746) 

-4.088 

(4.675) 

-3.715 

(5.012) 

-1.112 

(8.454) 

-6.106 

(26.673) 

EDUC 345.841*** 

(70.146) 

205.620*** 

(50.688) 

207.965*** 

(42.548) 

202.691*** 

(56.241) 

99.00 

(319.961) 

Trade -0.289 

(0.690) 

-0.184 

(0.768) 

0.203 

(0.754) 

-0.271 

(1.404) 

1.214 

(3.354) 

Cluster-

Specific 

Environment 

     

BusRD 23.320*** 

(0.873) 

22.293*** 

(0.746) 

19.767*** 

(1.151) 

14.505*** 

(1.842) 

28.234*** 

(10.387) 

HERF 0.001 

(0.004) 

0.001 

(0.003) 

-0.002 

(0.004) 

-0.005 

(0.004) 

-0.003 

(0.028) 

Quality of 

Linkages 

     

UnivRD 51.650*** 

(17.940) 

43.074*** 

(11.313) 

56.581*** 

(12.992) 

77.589*** 

(7.658) 

86.426** 

(35.042) 

NonProfRD 24.103 

(27.034) 

-21.160 

(17.738) 

21.101* 

(12.151) 

21.006 

(47.431) 

130.365*** 

(17.078) 

NetGovRD -22.112*** 

(4.002) 

-4.620*** 

(1.464) 

-10.143*** 

(2.204) 

-17.316*** 

(4.892) 

-7.432 

(18.247) 

Intercept -148780.1*** 

(21205.3) 

-594.4 

(1265.0) 

-326026.5*** 

(26223.5) 

-496868.0*** 

(52542.9) 

-344719.9** 

(143741.9) 

N 336 317 302 284 265 

Pseudo R
2
 0.7074 0.7594 0.8112 0.7895 0.8015 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 
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Table 4.2. Dependent Variable: IPC A (Human Necessities) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -28.866*** 

(0.845) 

-26.468*** 

(1.272) 

-21.425*** 

(0.600) 

-29.843*** 

(2.440) 

-32.830*** 

(2.134) 

DefRD x 

BusRD 

0.043*** 

(0.002) 

-0.004 

(0.006) 

0.209*** 

(0.006) 

0.057*** 

(0.017) 

0.038*** 

(0.001) 

DefRD x 

UnivRD 

1.676*** 

(0.125) 

2.373*** 

(0.094) 

2.175*** 

(0.080) 

2.553*** 

(0.196) 

1.704*** 

(0.167) 

DefRD x 

GovRD 

0.171*** 

(0.005) 

0.144*** 

(0.008) 

-0.075*** 

(0.001) 

0.128*** 

(0.019) 

0.210*** 

(0.016) 

DefRD x 

NonProfRD 

-2.181*** 

(0.081) 

-0.604*** 

(0.090) 

-2.738*** 

(0.062) 

-0.835*** 

(0.125) 

-2.042*** 

(0.097) 

Common 

Innovation 

Infrastructure 

     

FTE RD 1.606*** 

(0.349) 

0.116 

(0.363) 

0.089 

(0.297) 

0.125 

(0.284) 

-0.060 

(0.372) 

RGDP 0.445 

(2.049) 

-0.900 

(1.061) 

3.444*** 

(1.291) 

0.564 

(1.065) 

-0.674 

(1.438) 

EDUC -7.232 

(34.937) 

42.092*** 

(9.990) 

-49.594*** 

(13.755) 

25.902** 

(12.194) 

27.646** 

(14.534) 

Trade 0.021 

(0.184) 

0.113 

(0.126) 

-0.038 

(0.117) 

0.155 

(0.202) 

0.109 

(0.180) 

Cluster-

Specific 

Environment 

     

BusRD 3.319*** 

(0.165) 

4.180*** 

(0.202) 

3.170*** 

(0.174) 

1.915** 

(0.867) 

4.084*** 

(0.316) 

HERF -0.001* 

(0.001) 

-0.001 

(0.001) 

-0.003*** 

(0.001) 

-0.002* 

(0.002) 

-0.003** 

(0.001) 

Quality of 

Linkages 

     

UnivRD 6.311*** 

(2.126) 

6.562 

(5.723) 

6.234*** 

(2.099) 

2.870 

(4.941) 

28.774*** 

(2.476) 

NonProfRD 1.362 

(4.180) 

-5.963*** 

(1.305) 

-1.005 

(2.548) 

7.152 

(5.650) 

24.863*** 

(3.158) 

NetGovRD -2.719*** 

(0.533) 

-1.392*** 

(0.359) 

-0.844** 

(0.338) 

-1.486 

(0.952) 

-3.671*** 

(0.962) 

Intercept -19714.5*** 

(434.6) 

-93175.9*** 

(7237.1) 

-91170.8*** 

(2184.9) 

-114602.2*** 

(21390.7) 

-24111.0*** 

(1197.7) 

N 336 317 302 284 265 

Pseudo R
2
 0.8479 0.8232 0.8255 0.7890 0.7621 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 
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Table 4.3. Dependent Variable: IPC B (Performing Operations; Transportation) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -23.536*** 

(0.692) 

-23.428*** 

(1.226) 

-12.011*** 

(1.166) 

-15.836*** 

(2.275) 

-19.247*** 

(1.571) 

DefRD x 

BusRD 

0.116*** 

(0.004) 

0.130*** 

(0.007) 

0.124*** 

(0.006) 

0.108*** 

(0.012) 

0.151*** 

(0.010) 

DefRD x 

UnivRD 

3.582*** 

(0.064) 

2.297*** 

(0.083) 

2.428*** 

(0.075) 

4.711*** 

(0.186) 

2.158*** 

(0.157) 

DefRD x 

GovRD 

0.061*** 

(0.011) 

0.016** 

(0.008) 

-0.065*** 

(0.011) 

-0.049** 

(0.019) 

-0.046*** 

(0.011) 

DefRD x 

NonProfRD 

-1.953*** 

(0.092) 

-3.056*** 

(0.101) 

-1.732*** 

(0.093) 

-2.119*** 

(0.148) 

-1.863*** 

(0.125) 

Common 

Innovation 

Infrastructure 

     

FTE RD 0.220 

(0.343) 

0.592*** 

(0.202) 

0.926*** 

(0.291) 

-0.662 

(0.610) 

0.698 

(0.490) 

RGDP 1.001 

(0.780) 

2.302*** 

(0.846) 

-0.086 

(1.103) 

-0.4774 

(1.037) 

0.573 

(1.356) 

EDUC -7.408 

(42.359) 

-18.784* 

(11.313) 

21.981 

(19.171) 

34.858*** 

(10.582) 

24.536 

(23.987) 

Trade 0.002 

(0.103) 

-0.161* 

(0.095) 

0.055 

(0.123) 

0.104 

(0.178) 

-0.087 

(0.154) 

Cluster-

Specific 

Environment 

     

BusRD 1.367*** 

(0.136) 

2.275*** 

(0.073) 

1.405*** 

(0.239) 

2.803*** 

(0.636) 

1.627*** 

(0.449) 

HERF -0.000 

(0.002) 

0.000 

(0.001) 

-0.000 

(0.001) 

-0.001 

(0.001) 

0.000 

(0.001) 

Quality of 

Linkages 

     

UnivRD 0.792 

(1.598) 

-0.789 

(1.292) 

0.901 

(2.229) 

-2.146 

(2.464) 

2.694 

(1.788) 

NonProfRD 4.497*** 

(1.261) 

10.961*** 

(1.860) 

-4.657*** 

(1.167) 

-9.542** 

(4.374) 

-1.033 

(3.164) 

NetGovRD -0.454 

(0.390) 

-2.029*** 

(0.306) 

-0.567 

(0.444) 

0.242 

(0.414) 

-0.648* 

(0.392) 

Intercept -24.8 

(68.7) 

-24104.2*** 

(4817.1) 

-103066.4*** 

(10655.7) 

-2454.6*** 

(108.3) 

-124.1 

(229.9) 

N 336 317 302 284 265 

Pseudo R
2
 0.8771 0.8388 0.8633 0.7984 0.8214 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 

 



75 

 

Table 4.4. Dependent Variable: IPC C (Chemistry; Metallurgy) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -16.531*** 

(1.089) 

-17.152*** 

(1.642) 

-14.581*** 

(1.178) 

-17.385*** 

(0.804) 

-15.637*** 

(1.325) 

DefRD x 

BusRD 

0.118*** 

(0.008) 

0.039*** 

(0.010) 

0.078*** 

(0.005) 

0.104*** 

(0.006) 

0.101*** 

(0.027) 

DefRD x 

UnivRD 

-0.485** 

(0.220) 

2.313*** 

(0.242) 

2.287*** 

(0.106) 

2.411*** 

(0.102) 

1.795*** 

(0.471) 

DefRD x 

GovRD 

0.285*** 

(0.023) 

0.032*** 

(0.010) 

-0.002 

(0.013) 

0.012 

(0.008) 

0.015 

(0.028) 

DefRD x 

NonProfRD 

-3.297*** 

(0.160) 

-0.892*** 

(0.180) 

-1.703*** 

(0.085) 

-1.016*** 

(0.084) 

-1.260*** 

(0.159) 

Common 

Innovation 

Infrastructure 

     

FTE RD 1.134** 

(0.459) 

-0.408 

(0.275) 

-0.534 

(0.342) 

-0.212 

(0.278) 

0.790 

(0.781) 

RGDP 0.306 

(1.048) 

-1.098 

(1.430) 

0.997 

(1.137) 

-2.136*** 

(0.662) 

-0.142 

(1.262) 

EDUC 6.875 

(11.495) 

47.549*** 

(9.762) 

-7.946 

(12.961) 

59.926*** 

(7.624) 

37.340*** 

(9.849) 

Trade -0.052 

(0.079) 

0.106 

(0.222) 

-0.049 

(0.095) 

0.034 

(0.102) 

-0.164 

(0.192) 

Cluster-

Specific 

Environment 

     

BusRD 0.947*** 

(0.138) 

2.267*** 

(0.183) 

2.507*** 

(0.350) 

2.609*** 

(0.156) 

2.141*** 

(0.288) 

HERF 0.000 

(0.001) 

0.001 

(0.001) 

-0.001 

(0.001) 

-0.002*** 

(0.001) 

0.001 

(0.001) 

Quality of 

Linkages 

     

UnivRD 5.354* 

(2.938) 

5.417*** 

(2.005) 

1.580 

(2.195) 

3.474** 

(1.714) 

9.156** 

(3.652) 

NonProfRD -3.828 

(2.595) 

-0.076 

(11.294) 

-9.335*** 

(1.869) 

-19.007*** 

(1.952) 

15.540*** 

(2.729) 

NetGovRD -0.398 

(0.448) 

-0.104 

(0.444) 

0.447 

(0.618) 

-0.359 

(0.266) 

-2.240*** 

(0.404) 

Intercept 4635.5* 

(2378.5) 

-68846.3*** 

(8212.0) 

-11.0 

(167.0) 

-111260.5*** 

(3303.3) 

-533.7*** 

(206.8) 

N 336 317 302 284 265 

Pseudo R
2
 0.6448 0.6877 0.6541 0.7453 0.7625 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 

 



76 

 

Table 4.5. Dependent Variable: IPC D (Textiles; Paper) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -0.560*** 

(0..097) 

-0.030 

(0.102) 

-0.289* 

(0.167) 

0.812*** 

(0.204) 

-0.053 

(0.237) 

DefRD x 

BusRD 

0.022*** 

(0.003) 

0.014*** 

(0.001) 

0.019*** 

(0.001) 

0.017*** 

(0.002) 

0.006*** 

(0.002) 

DefRD x 

UnivRD 

0.086*** 

(0.007) 

0.008 

(0.010) 

-0.039** 

(0.015) 

0.020 

(0.016) 

0.058*** 

(0.009) 

DefRD x 

GovRD 

-0.018*** 

(0.002) 

-0.011*** 

(0.002) 

-0.016*** 

(0.004) 

-0.026*** 

(0.002) 

-0.008*** 

(0.002) 

DefRD x 

NonProfRD 

-0.257*** 

(0.028) 

-0.192*** 

(0.009) 

-0.166*** 

(0.008) 

-0.152*** 

(0.026) 

-0.131*** 

(0.042) 

Common 

Innovation 

Infrastructure 

     

FTE RD -0.036 

(0.073) 

0.001 

(0.043) 

0.062 

(0.049) 

0.309*** 

(0.083) 

-0.256*** 

(0.058) 

RGDP -0.051 

(0.464) 

0.236 

(0.550) 

0.036 

(0.152) 

0.527* 

(0.281) 

0.096 

(0.425) 

EDUC 1.753 

(6.099) 

-5.070 

(8.141) 

0.732 

(2.361) 

-8.268** 

(4.169) 

-3.326 

(4.314) 

Trade 0.028 

(0.039) 

0.021 

(0.040) 

0.004 

(0.017) 

-0.075** 

(0.031) 

-0.024 

(0.050) 

Cluster-

Specific 

Environment 

     

BusRD 0.110 

(0.080) 

-0.015 

(0.026) 

-0.072 

(0.044) 

-0.168** 

(0.076) 

0.208*** 

(0.045) 

HERF 0.000 

(0.000) 

-0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

-0.000 

(0.000) 

Quality of 

Linkages 

     

UnivRD 0.574 

(0.594) 

0.699 

(0.433) 

0.732*** 

(0.246) 

-0.270 

(0.321) 

0.039 

(0.378) 

NonProfRD 1.333*** 

(0.314) 

0.208* 

(0.125) 

0.805* 

(0.438) 

-0.153 

(0.404) 

0.340 

(0.768) 

NetGovRD -0.011 

(0.086) 

0.151* 

(0.079) 

-0.066 

(0.055) 

-0.039 

(0.210) 

0.385*** 

(0.095) 

Intercept -4355.9*** 

(504.5) 

3247.9*** 

(1203.7) 

-2322.9*** 

(249.0) 

-2616.9*** 

(309.2) 

102.2 

(89.9) 

N 336 317 302 284 265 

Pseudo R
2
 0.0500 0.1017 0.2086 0.1097 0.0000 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 

 



77 

 

Table 4.6. Dependent Variable: IPC E (Fixed Constructions) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -5.674*** 

(0.650) 

-0.870** 

(0.412) 

-2.054*** 

(0.446) 

-4.191*** 

(0.272) 

-3.169*** 

(0.404) 

DefRD x 

BusRD 

0.003*** 

(0.000) 

0.017*** 

(0.003) 

0.003 

(0.002) 

0.004*** 

(0.001) 

0.012** 

(0.005) 

DefRD x 

UnivRD 

-0.042*** 

(0.004) 

-0.150*** 

(0.027) 

-0.244*** 

(0.032) 

0.256*** 

(0.019) 

0.131*** 

(0.024) 

DefRD x 

GovRD 

0.029*** 

(0.007) 

-0.017*** 

(0.006) 

0.006* 

(0.003) 

0.029*** 

(0.003) 

0.006 

(0.007) 

DefRD x 

NonProfRD 

-0.042*** 

(0.005) 

-0.123*** 

(0.033) 

0.182*** 

(0.052) 

-0.256*** 

(0.024) 

-0.227*** 

(0.037) 

Common 

Innovation 

Infrastructure 

     

FTE RD 0.303** 

(0.143) 

0.124* 

(0.067) 

0.330*** 

(0.103) 

0.466*** 

(0.075) 

0.546*** 

(0.104) 

RGDP 1.153** 

(0.498) 

-0.299 

(0.353) 

0.036 

(0.302) 

-0.239 

(0.488) 

-0.057 

(0.392) 

EDUC 2.801 

(5.774) 

8.936** 

(3.732) 

12.801*** 

(3.417) 

9.540* 

(5.769) 

6.579 

(5.115) 

Trade -0.058 

(0.051) 

0.049 

(0.047) 

-0.017 

(0.045) 

0.048 

(0.068) 

0.049 

(0.073) 

Cluster-

Specific 

Environment 

     

BusRD 0.317*** 

(0.027) 

0.717*** 

(0.090) 

0.784*** 

(0.059) 

0.606*** 

(0.026) 

0.349* 

(0.199) 

HERF 0.001*** 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

0.000 

(0.000) 

Quality of 

Linkages 

     

UnivRD 1.195** 

(0.578) 

1.772*** 

(0.488) 

2.373*** 

(0.633) 

2.398*** 

(0.555) 

3.092*** 

(0.938) 

NonProfRD -2.170*** 

(0.595) 

-3.451*** 

(0.511) 

-2.504*** 

(0.590) 

2.577*** 

(0.418) 

-0.149 

(0.596) 

NetGovRD -0.171* 

(0.096) 

0.103 

(0.201) 

-0.653*** 

(0.122) 

-0.826*** 

(0.071) 

-0.407 

(0.595 

Intercept -5929.8*** 

(2036.6) 

691.6*** 

(265.4) 

-2200.7* 

(1312.1) 

-4592.5*** 

(437.3) 

-3276.3*** 

(541.0) 

N 336 317 302 284 265 

Pseudo R
2
 0.7218 0.7602 0.7914 0.7929 0.7857 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 
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Table 4.7. Dependent Variable: IPC F (Mechanical Engineering; Lighting; Heating; Blasting) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -10.455*** 

(0.750) 

-14.114*** 

(0.852) 

-11.893*** 

(0.575) 

-16.513*** 

(1.072) 

-11.061*** 

(0.671) 

DefRD x 

BusRD 

0.020*** 

(0.004) 

0.038*** 

(0.004) 

0.041*** 

(0.006) 

0.050*** 

(0.006) 

0.038*** 

(0.007) 

DefRD x 

UnivRD 

0.352*** 

(0.077) 

-0.391*** 

(0.042) 

1.496*** 

(0.066) 

0.871*** 

(0.151) 

2.570*** 

(0.122) 

DefRD x 

GovRD 

0.036*** 

(0.008) 

0.060*** 

(0.009) 

0.034*** 

(0.005) 

0.121*** 

(0.018) 

0.001 

(0.007) 

DefRD x 

NonProfRD 

-0.331*** 

(0.054) 

0.274*** 

(0.038) 

-0.856*** 

(0.063) 

-0.479*** 

(0.047) 

-0.421*** 

(0.096) 

Common 

Innovation 

Infrastructure 

     

FTE RD 0.491** 

(0.243) 

0.672*** 

(0.256) 

0.533*** 

(0.145) 

0.507** 

(0.224) 

0.401 

(0.257) 

RGDP 0.721 

(0.508) 

0.450 

(0.623) 

0.460 

(0.443) 

0.300 

(1.056) 

0.997* 

(0.525) 

EDUC 2.120 

(4.7777) 

3.560 

(7.379) 

-0.235 

(4.952) 

12.096 

(18.118) 

-1.352 

(7.048) 

Trade -0.011 

(0.054) 

0.054 

(0.070) 

0.022 

(0.064) 

0.005 

(0.096) 

-0.097 

(0.075) 

Cluster-

Specific 

Environment 

     

BusRD 1.134*** 

(0.219) 

1.120*** 

(0.226) 

0.681*** 

(0.113) 

0.909*** 

(0.259) 

0.860*** 

(0.254) 

HERF 0.001 

(0.003) 

-0.000 

(0.000) 

-0.000 

(0.000) 

0.000 

(0.000) 

-0.000 

(0.000) 

Quality of 

Linkages 

     

UnivRD 3.826*** 

(0.949) 

3.559*** 

(1.102) 

2.330*** 

(0.856) 

2.955*** 

(1.043) 

-0.990 

(1.535) 

NonProfRD -0.309 

(1.872) 

-6.890*** 

(.747) 

-7.350*** 

(0.562) 

-2.443*** 

(0.760) 

-16.307*** 

(4.306) 

NetGovRD -0.746** 

(0.318) 

-0.327 

(0.269) 

0.060 

(0.149) 

-0.417 

(0.455) 

1.600*** 

(0.303) 

Intercept -20419.4*** 

(3911.2 

-45.1*** 

(17.481) 

-35734.5*** 

(1357.2) 

-279.2*** 

(89.6) 

-727.8*** 

(155.6) 

N 336 317 302 284 265 

Pseudo R
2
 0.7923 0.7679 0.7996 0.7171 0.7292 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 
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Table 4.8. Dependent Variable: IPC G (Physics)  

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -55.953*** 

(9.003) 

-34.484*** 

(0.562) 

-47.199*** 

(1.671) 

-33.089*** 

(2.232) 

-36.712*** 

(6.046) 

DefRD x 

BusRD 

0.092*** 

(0.033) 

0.081*** 

(0.004) 

-0.109*** 

(0.003) 

0.024*** 

(0.008) 

0.010 

(0.013) 

DefRD x 

UnivRD 

3.732*** 

(0.419) 

3.247*** 

(0.067) 

4.205*** 

(0.137) 

2.474*** 

(0.320) 

4.597*** 

(0.552) 

DefRD x 

GovRD 

0.322*** 

(0.069) 

0.084*** 

(0.007) 

0.388*** 

(0.017) 

0.187*** 

(0.019) 

0.299*** 

(0.058) 

DefRD x 

NonProfRD 

-3.825*** 

(1.465) 

-0.719*** 

(0.059) 

-0.296*** 

(0.056) 

-1.336*** 

(0.240) 

-3.091** 

(1.424) 

Common 

Innovation 

Infrastructure 

     

FTE RD 0.388 

(0.505) 

-1.165*** 

(0.223) 

-0.289 

(0.567) 

-0.263 

(0.385) 

-2.227 

(1.617) 

RGDP -0.176 

(1.579) 

-0.483 

(1.221) 

-0.318 

(1.449) 

-0.552 

(2.481) 

-1.483 

(2.602) 

EDUC 42.972** 

(16.912) 

58.127*** 

(15.459) 

36.742*** 

(13.456) 

43.457* 

(24.223) 

20.734 

(22.558) 

Trade 0.036 

(0.125) 

0.051 

(0.126) 

0.092 

(0.175) 

0.206 

(0.260) 

0.462 

(0.349) 

Cluster-

Specific 

Environment 

     

BusRD 3.318*** 

(0.300) 

3.303*** 

(0.137) 

3.567*** 

(0.297) 

3.568*** 

(0.308) 

6.020*** 

(0.566) 

HERF -0.000 

(0.001) 

0.000 

(0.001) 

-0.001 

(0.001) 

-0.001 

(0.003) 

-0.001 

(0.001) 

Quality of 

Linkages 

     

UnivRD 12.133*** 

(4.576) 

9.392*** 

(1.706) 

8.616*** 

(1.831) 

11.338*** 

(3.664) 

18.914*** 

(7.139) 

NonProfRD -6.508 

(5.586) 

-11.436*** 

(2.424) 

-6.388 

(5.920) 

10.882** 

(4.263) 

40.208* 

(22.680) 

NetGovRD -2.324*** 

(0.675) 

0.300 

(0.249) 

-1.277*** 

(0.493) 

-3.077*** 

(0.404) 

-2.260*** 

(0.381) 

Intercept -167.4 

(332.3) 

-1361.0*** 

(105.6) 

-79532.3*** 

(2591.8) 

-156.0 

(205.1) 

-31.6 

(500.7) 

N 336 317 302 284 265 

Pseudo R
2
 0.3114 0.5528 0.6408 0.3814 0.3364 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 
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Table 4.9. Dependent Variable: IPC H (Electricity) 

Allocation of 

Resources 

Lag = 1 Lag = 2 Lag = 3 Lag = 4 Lag = 5 

DefRD -7.068*** 

(1.424) 

-29.879*** 

(1.225) 

-40.153*** 

(1.837) 

-25.299*** 

(1.574) 

-36.200*** 

(1.605) 

DefRD x 

BusRD 

-0.002 

(0.009) 

-0.045*** 

(0.008) 

0.009*** 

(0.002) 

-0.088*** 

(0.012) 

0.054*** 

(0.006) 

DefRD x 

UnivRD 

1.815*** 

(0.254) 

4.516*** 

(0.129) 

4.457*** 

(0.112) 

4.275*** 

(0.127) 

3.909*** 

(0.164) 

DefRD x 

GovRD 

-0.065*** 

(0.014) 

0.232*** 

(0.016) 

0.267*** 

(0.011) 

0.258*** 

(0.018) 

0.192*** 

(0.022) 

DefRD x 

NonProfRD 

4.665*** 

(0.291) 

0.207*** 

(0.064) 

-3.352*** 

(0.116) 

-0.883*** 

(0.190) 

-1.798*** 

(0.145) 

Common 

Innovation 

Infrastructure 

     

FTE RD 0.188 

(0.496) 

-0.065 

(0.332) 

-0.805** 

(0.346) 

1.311* 

(0.679) 

-1.458*** 

(0.261) 

RGDP -1.984* 

(1.055) 

-1.712** 

(0.870) 

-0.644 

(1.257) 

-0.550 

(0.418) 

0.204 

(1.053) 

EDUC 43.442*** 

(10.848) 

64.910*** 

(13.207) 

32.685*** 

(11.481) 

57.707*** 

(16.351) 

25.610** 

(10.346) 

Trade 0.197 

(0.130) 

0.066 

(0.138) 

0.222 

(0.156) 

0.020 

(0.266) 

0.586*** 

(0.204) 

Cluster-

Specific 

Environment 

     

BusRD 1.573*** 

(0.391) 

1.818*** 

(0.234) 

3.740*** 

(0.643) 

4.973*** 

(0.692) 

3.011*** 

(0.333) 

HERF -0.000 

(0.001) 

-0.000 

(0.001) 

-0.001 

(0.001) 

0.001 

(0.001) 

-0.002* 

(0.001) 

Quality of 

Linkages 

     

UnivRD 10.660*** 

(3.222) 

6.387*** 

(2.215) 

20.170*** 

(3.475) 

16.409*** 

(1.777) 

35.744*** 

(1.852) 

NonProfRD -15.260*** 

(5.430) 

-15.067*** 

(2.538) 

-6.8566 

(13.117) 

21.993*** 

(7.970) 

2.367 

(2.057) 

NetGovRD 0.603 

(0.529) 

0.012 

(0.278) 

-0.275 

(0.507) 

-5.933*** 

(0.946) 

-0.818** 

(0.413) 

Intercept -1172.5*** 

(369.9) 

-440.9*** 

(52.0) 

-32290.3*** 

(1142.1) 

-59533.5*** 

(1972.9) 

-91365.0*** 

(3957.8) 

N 336 317 302 284 265 

Pseudo R
2
 0.0445 0.2364 0.1793 0.0000 0.0133 

Standard Errors shown in Parenthesis. *** = Significant at 1% level, ** = Significant at 5% level, * = Significant at 10% level. 
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significant at the 10% level in 23 of the 45 models. Finally, there is some evidence of a negative 

effect of non-defense R&D funded by government and patent output, which may be indicative of 

a general crowding out effect between government funded and privately funded R&D. The 

coefficient for non-defense government funded R&D is negative and statistically significant at 

the 1% level in 16 of the 45 models, negative and statistically significant at the 5% level in 19 of 

the 45 models, and negative and statistically significant at the 10% level in 21 of the 45 models. 

The other control variables used in the analysis failed to show a consistent pattern of statistical 

significance that was robust to changes in the lag structure and the dependent variable. 

Moving now to the variables of interest, a fairly consistent finding across specifications is 

that there is a negative and statistically significant relationship between government funded 

defense R&D and patent applications. The coefficient for government funded defense R&D 

expenditures is negative and statistically significant at the 1% level in 39 of the 45 models, 

negative and statistically significant at the 5% level in 40 of the 45 models, and negative and 

statistically significant at the 10% level in 41 of the 45 models. This indicates that, all else equal, 

a larger quantity of defense R&D expenditures is associated with a smaller number of patent 

applications, which is suggestive of a crowding out effect. On the other hand, the coefficients for 

the interaction variables suggest the presence of some positive spillover effects. For example, the 

coefficient for the interaction of government financed defense R&D and business financed R&D 

is positive and statistically significant at the 1% level in 36 of the 45 models and positive and 

statistically significant at the 5% level in 37 of the 45 models. This implies that an increase in 

government funded defense R&D increases the productivity of R&D funded by private 

businesses. Again, this could indicate the presence of positive externalities created by 
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government funded defense R&D that increase the productivity of business funded R&D. 

Likewise, there seems to be evidence of a positive effect of government funded defense R&D on 

the productivity of R&D funded by universities. The coefficient for the interaction between 

government funded defense R&D and university funded R&D is positive and statistically 

significant at the 1% level in 37 of the 45 models. Finally, there seems to be some evidence of a 

positive effect of government funded defense R&D on the productivity of non-defense R&D 

funded by government. The coefficient for this interaction is positive and statistically significant 

at the 1% level in 26 of the 45 models, positive and statistically significant at the 5% level in 27 

of the 45 models, and positive and statistically significant at the 10% level in 28 of the 45 

models. However, it should also be noted that this coefficient is negative and statistically 

significant at the 5% level in 11 of the 45 models, which casts some doubt on the relationship 

between government funded defense R&D and the productivity of non-defense R&D funded by 

government as the sign of the coefficient is not robust to changes in the lag structure and in the 

dependent variable.  

In contrast, there seems to be some evidence for a negative effect of government funded 

defense R&D expenditures on the productivity of R&D funded by non-profit organizations. The 

coefficient for the interaction between government funded defense R&D and non-profit funded 

R&D is negative and statistically significant at the 1% level in 41 of the 45 models and negative 

and statistically significant at the 5% level in 42 of the 45 models. Thus, the effect of 

government funded defense R&D on the productivity of R&D funded by non-profit 

organizations seems to differ from the effect on R&D funded by businesses or universities, 

which presents an interesting question for future research on the effects of government funded 
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defense R&D on the productivity of various other types of R&D. Recall, Section 2.2.2 discusses 

a number of first and second order effects on private R&D that occur when the government 

conducts R&D, some of which are complement effects and some of which are substitution 

effects. Thus, the net effect of government defense R&D depends on the relative magnitudes of 

each effect. The results suggest that the relative magnitudes of these effects different for non-

profit R&D. Whereas the results suggest that government funded defense R&D improves the 

productivity of R&D funded by private businesses, universities, and non-defense R&D funded 

by government, it seems that it reduces the productivity of R&D funded by non-profit 

organizations. Future research might investigate how the magnitudes of the various substitution 

and complimentary effects differ between R&D funded by businesses, universities, and non-

profit organizations as to explain this particular result.  

It is important to note that the above analysis is subject to the problem of multiple 

comparisons, which refers to the increase in the probability of observing a Type I error (false 

positive) when testing multiple hypotheses simultaneously. That is, as the number of hypotheses 

tested increases, the probability of observing at least one Type I error increases. There are 

methods to adjust for the problem of multiple comparisons, but they are not free. Methods used 

to reduce the likelihood of making a Type I error due to the problem of multiple comparisons 

increase the probability of making a Type II error (false negative), and there is some debate in 

the literature as to its appropriateness (Rothman 1990). However, the data in Tables 4.1 through 

4.9 could be used to make a Bonferroni correction, which is a method of correcting for the 

problem of multiple comparisons. The Bonferroni correction is performed by dividing the 

significance level by the number of hypotheses being tested, which in this case is 45. As such, 
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we would determine a coefficient to be statistically significant at the 5% level if the p-value is 

less than (
    

  
)        . However, it should again be noted that this will result in an increase in 

the incidence of Type II errors.  

4.2 Discussion 

Taken at face value, the analysis yields several findings. First, it reveals some evidence for a 

crowding out or resource diversion effect. This is because the coefficient for government funded 

defense R&D tends to be negative and statistically significant. This implies that, all else equal, a 

greater quantity of resources devoted to defense R&D is associated with a smaller quantity of 

patent applications, which is suggestive of a resource diversion effect. However, a key 

assumption of the analysis is that defense R&D affects the productivity of other types of R&D 

through first and second order substitution and complement effects, which are discussed in 

Section 2.2.2. This analysis did find evidence of an effect of government funded defense R&D 

on the productivity of other types of R&D. Specifically, the analysis finds that government 

funded defense R&D increases the productivity of R&D funded by private businesses, 

universities, and non-defense R&D funded by government in terms of leading to patent 

applications. On the other hand, the analysis found that government funded defense R&D 

reduces the productivity of R&D funded by non-profit organizations. This is an interesting 

finding that merits further investigation. 

Given that the analysis finds evidence of crowding out or resource diversion as well as 

evidence of positive spillover effects from defense R&D, the net effect seems to be context 

specific. The net effect of government funded defense R&D on patent applications is given by 
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the first derivative of the estimated model with respect to government funded defense R&D. The 

model can be written as 

                                                                    

                                                           

                                                   

                                                                

As such, the change in patent applications resulting from a $100 million increase in government 

funded defense R&D is given by 

             

           
                                                              

Note that the magnitude of the negative coefficient for government funded defense R&D 

(  ) tends to be much larger than the coefficients for the interaction terms, which represent the 

positive spillover effects, and this may indicate a net crowding out effect. However, this 

ultimately turns on the nature of the spillover effects created by defense R&D. Specifically, it 

matters whether the spillover effects are non-rival. If the spillover effects are non-rival, then all 

non-defense R&D projects receive those benefits, resulting in a large positive effect. Notice that 

this is implied in the model specification.  

Assuming that this is the case, the model would suggest that countries with a relatively 

small amount of non-defense R&D expenditures will experience a net crowding out effect from 

an increase in defense R&D simply because there are not many non-defense R&D projects that 

will experience the positive spillover effects. On the other hand, a country with a relatively large 

quantity of non-defense R&D expenditures may experience an increase in patent applications 
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following an increase in defense R&D simply because there are many non-defense R&D projects 

that will experience the positive spillover effects, leading to a large cumulative effect.  

Furthermore, the analysis finds that the net effect of an increase in defense R&D depends 

on the distribution of non-defense R&D. For example, the results of the analysis suggest that the 

magnitude of the positive spillover effect for university funded R&D is much larger than the 

magnitude of the positive spillover effect for business funded R&D. Therefore, a country with a 

large amount of university funded R&D relative to business funded R&D would be more likely 

to experience a positive net effect following an increase in defense R&D than a country with a 

small amount of university funded R&D relative to business funded R&D. Conversely, a country 

with a relatively large amount of non-profit funded R&D would be likely to experience a net 

negative effect on patent applications following an increase in defense R&D as defense R&D 

seems to reduce the productivity of R&D funded by non-profits, according to the results of the 

analysis. 

Once again, this analysis turns on whether the positive spillover effects created by 

defense R&D are non-rival, which is assumed in the model specification. Future work should 

focus on the exact nature of the spillover effects between defense R&D and other types of R&D 

to determine the exact nature of these effects. Section 2.2.2 discusses the substitution and 

complementary effects and could be used as a theoretical framework for future empirical studies 

to quantity the magnitude of each effect, which will likely differ for different types of R&D. For 

example, the analysis consistently found that government funded defense R&D increases the 

productivity of R&D funded by private businesses but decreases the productivity of R&D funded 
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by non-profit organizations. An empirical analysis that focuses on the individual complement 

and substitution effects that are operative could explain this finding. 

Of course, it is important to note some of the limitations of this study, of which there are 

many. The first limitation derives from using patent data as a measure of technological progress, 

particularly when we are only interested in technologies that enhance the ability to produce 

consumer goods. The first problem with using patent data is that not all patents are economically 

valuable, and using a patent count as the dependent variable treats all patents as equally valuable. 

This study attempted to address this problem by using patent applications filed under the PCT. 

The assumption is that a patent application to the PCT implies that the applicant intends to file 

for patent protection in multiple countries, and that this intent implies that the applicant believes 

the patent to be of significant economic value given the additional costs of filing for patent 

protection in multiple countries. Nonetheless, this remains an important limitation to note.  

An even more serious limitation that results from the use of patent data as a measure of 

technology is that the central research question being addressed in this study is concerned only 

with technologies that enhance the production of consumer goods and services. However, not all 

patents involve consumer-oriented technologies. Even worse, it is possible that the patent data 

used in this study contains patents for defense products, which would be a problem given that 

this study is interested in determining the effect of defense R&D on the production of consumer-

oriented technologies. To address this limitation, the patent data was disaggregated into the 

various IPC categories, with the weapons and ammunition patents being removed from category 

F. Nonetheless, it is still possible that the patent data used in this study contained some patents 
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that are for defense products, or that are for technologies that are used for something other than 

producing consumer products.  

This leads to a serious problem in terms of interpreting the results of the analysis. The 

analysis found that an increase in government funded defense R&D is associated with an 

increase in patent applications resulting from business funded R&D and university funded R&D. 

However, this does not necessarily indicate an increase in technologies used for producing 

consumer products. It is possible that this indicates an increase in patents for defense related 

products resulting from business and university funded R&D. While steps were taken to reduce 

the incidence of defense related patents in the data, such as removing patent applications for 

weapons and ammunition, it is likely that some defense related patents remain in the dataset. As 

such, there is reason to be skeptical that the analysis provides evidence for an increase in the 

productivity of business and university funded R&D in terms of creating economically 

contributive technologies caused by spillover benefits from defense R&D. Future research could 

further disaggregate the data in IPC subcategories to narrow in on patents for consumer-oriented 

technologies.  

Finally, the data that was available to operationalize the independent variables in the 

study resulted in serious limitations. That is, only defense R&D funded by the government is 

counted as defense R&D in the dataset. This is unfortunate as it is clear that a great deal of 

defense R&D is funded by businesses, universities, and non-profits. This represents a serious 

limitation in interpreting the results as it is unclear if the increase in the number of patents 

resulting from business and university funded R&D is merely the result of those institutions 

conducting a larger amount of defense R&D or if government funded defense R&D is 
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stimulating consumer-oriented R&D at businesses and universities. This presents a second 

reason to be skeptical that the analysis provides evidence for an increase in the productivity of 

business and university funded R&D in terms of creating economically contributive technologies 

caused by spillover benefits from defense R&D. Access to more complete data concerning the 

socioeconomic objective of R&D activities would be required to shed more light on this issue. 
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