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ABSTRACT 
 

The link between the public subsidization of private research and development (R&D) 

and the technological value of patents produced by subsidized firms has been largely 

unexamined. Historically, the United States has encouraged the formation of publicly subsidized 

research consortia to support struggling R&D-intensive industries. The increase of subsidies for 

private R&D has been linked with increased patent output in the short-term, but long-term 

effects on the technological value of the resultant patents were unknown. One consortia, 

SEMATECH, was widely regarded has a successful model for public subsidization of private 

R&D. Between 1988-1996, SEMATECH received annual subsidies of $100 million from the 

U.S. Department of Defense as part of the government’s effort to buoy the U.S. semiconductor 

industry against foreign competition. Pooled OLS and two-way random effects regression 

models revealed that SEMATECH membership increased the total number of citations that 

patents filed by member firms received, and therefore the technological value of their patent 

outputs, at a statistically significant level. However, it was unclear whether these results could be 

generalized to describe the effect of participating in other subsidized research consortia.
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Chapter 1.  Introduction 

Science and technology capacity has been recognized as a potent driver of economic 

growth (NSF, 2004). As such, increased investment in research and development (R&D) is one 

policy option that the United States government may consider in order to maintain and enhance 

America’s station among the economies of the developed world. Despite a steady increase in 

total funding of R&D over the past five decades, the percentage of funding originating from the 

federal government has declined, with the majority of R&D funding now originating from 

private industry (NSF, 2007). 

Several organizations have called upon the federal government to increase its funding of 

R&D; however, in the context of the recent economic crisis and competing federal budget 

priorities proponents must provide persuasive evidence of positive and substantial outcomes 

resulting from federal investment in private R&D. The analysis presented in this thesis has added 

to a growing body of quantitative evidence concerned with the relationship between federal 

subsidies and private R&D output. While focused on only one case of public investment in 

R&D, this thesis has demonstrated a largely unexplored alternative method for the evaluation of 

government programs related to R&D, and has provided a new analytical framework for policy 

makers interested in U.S. science and technology policy. 
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Patents and Patent Examination 
Zvi Griliches, in an article written for the Journal of Economic Literature, provided a 

useful description of the patent, 

A patent is a document, issued by an authorized governmental agency, granting the right to exclude 
anyone else from the production or use of a specific new device, apparatus, or process for a stated 
period of years. The grant is issued to the inventor of this device or process after an examination 
that focuses on both the novelty of the claimed item and its potential utility. The right embedded in 
the patent can be assigned by the inventor to somebody else, usually to his employer, a 
corporation, and/or sold to or licensed for use by somebody else…The stated purpose of the patent 
system is to encourage invention and technical progress both by providing a temporary monopoly 
for the inventor and by forcing the early disclosure of the information necessary for the production 
of this item or the operation of the new process (1990, pp.1662-3). 
 

The patent document contains a wealth of information concerning the innovation itself 

and the technological sphere to which it belongs as well as information about the inventor. Patent 

files also include citations to previous patents (‘prior art’) upon which the innovation described 

in the patent being pursued is founded. While much of the information included in the patent 

document is provided by the applicant himself, the United States Postal and Trademark Office 

(USPTO) patent examiner that processes the application plays a critical role, assigning the 

technological field to which the innovation belongs and delimiting the scope of property rights 

awarded by the patent through citations. These citations have provided researchers with a means 

of studying spillovers and also the importance or technological value of the inventions (Hall et 

al., 2001).  

… if patent B cites patent A, it implies that patent A represents a piece of previously existing 
knowledge upon which patent B builds, and over which patent B cannot have a claim. The 
applicant as a legal duty to disclose any knowledge of the “prior art,” but the decision regarding 
which patents to cite ultimately rests with the patent examiner, who is supposed to be an expert in 
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the area and hence to be able to identify relevant prior art that the applicant misses or conceals 
(Hall et al., 2001, p. 14). 
 

According to a 1976 report of the Office of Technology Assessment and Forecast, 

…the examiner searches the…patent file. His purpose is to identify any prior disclosures of 
technology… which might be similar to the claimed invention and limit the scope of patent 
protection…or which, generally, reveal the state of the technology to which the invention is 
directed. If such documents are found…they are “cited”… if a single document is cited in 
numerous patents, the technology revealed in that document is apparently involved in many 
developmental efforts. Thus the number of times a patent document is cited may be a measure of 
its technological significance” (OTAF, 1976, p. 167). 

 

Two presumptions, 1) that the examination process results in an accurate description of 

an innovation’s relation to prior art, and 2) that there is a consistency with which different patent 

examiners undertake this process, are crucial to any effort to use citation data for the sort of 

econometric analysis proposed in this thesis. The closer that the available data comes to 

reflecting the true relationships between patents being applied for and prior art, the more 

accurate modeling concerned with citations as output variables becomes. A compilation of the 

potential issues that threaten these assumptions is outlined in the Caveats and Limitations section 

of Chapter 6. 

As an institution, the U.S. patent system can be understood as a policy tool that addresses 

the goal of stimulating innovation and increasing domestic technological capacity at the macro 

level (in the aggregate) by providing incentives to individual firms to disclose their inventions. 

However, this approach is not specifically oriented towards addressing industry-level problems, 

such as when foreign competition in specific technological areas threatens the profitability and 
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technological capacity of domestic firms. Because of this, in order to support flagging R&D-

intensive industries, the government has sometimes employed additional methods of stimulating 

private R&D by providing incentives for the formation research consortia. 

Research Consortia 
Publicly organized and/or supported research consortia constitute one policy option that 

governments have historically implemented in order to stimulate and support domestic 

innovation. Other options have included direct subsidization or full funding of private firms 

through grants and contracts. Research consortia differ from these alternatives by allowing the 

pooling of federal and private monies, which can then be collectively used by consortium 

member firms to fund R&D (David et al., 2000). 

The social welfare value of research consortia rests upon two primary attributes, as 

outlined by Branstetter and Sakakibara (2002). First, the private R&D investment of a firm is 

augmented by the R&D spillovers it benefits from through participation in the consortium. This 

results in cost reductions for R&D beyond what the firm could achieve on its own. The “higher 

levels of effective R&D lead directly to higher levels of welfare, since… R&D reduces 

production costs, increases output, and lowers prices” (ibid., p. 144). Second, the level of ex post 

market competition among the participating firms is an important determinant of the net impact 

of the consortium on social welfare. If participating firms are intensely competitive they will set 

lower levels of R&D in cooperative consortiums to balance the fact that all members experience 
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the same reduction in production costs; all else being equal, the lower the competition among 

participating firms, the greater the effective level of R&D expenditure, and the greater the 

increase in social welfare. At the firm-consortium level, Branstetter and Sakakibara, in their 

analysis of Japanese research consortia, found that “participating firms receive a statistically 

significant boost in performance over the level of nonparticipants that persists over time” (ibid., 

p. 151). They also found that the benefits of participating in consortia were greatest when they 

focused on basic R&D, not only because potential spillovers from this kind of R&D were of 

broad use to participants but also because the level of competition between firms over basic 

R&D was low compared with other types of R&D (e.g. developing consumer products) (ibid.). 

There is wide variation among consortia with respect to their formation, organization, 

operation, and goals. Some are formed privately, others publicly, and some exist as joint public-

private ventures. The organizational structure of a consortium may be determined by 

governmental decree, or by the consensus of the participating firms. In some cases research is 

conducted and distributed from a central location; in others, R&D may be decentralized, and 

consortia may rely upon the individual participating firms’ R&D infrastructure. Consortia may 

focus on basic or applied research, or on specific product development. Because there is such 

wide variation among consortia, it would be difficult and perhaps inappropriate to conduct 

econometric analyses that include consortia of various types without accounting for these 

differences. Such fundamental differences among consortia would undermine the internal 
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validity of any model seeking to reveal correlations between R&D consortia participation and 

technological outputs in a generalized way. Instead, careful case-by-case analyses of individual 

instances of consortium operation should be preferred in order to limit potential threats to 

internal validity. However, in doing so the researcher must be careful to qualify his conclusions 

so that they do not mislead the reader into believing that the particular results can be 

inappropriately extended. 

SEMATECH 
In response to increased competition from Japanese semiconductor and related devices 

manufacturing firms beginning in the 1980s, Congress passed the Semiconductor Chip 

Protection Act of 1984, which strengthened intellectual property rights for the domestic 

semiconductor industry. The same year, Congress passed the National Cooperative Research Act 

of 1984, which relaxed antitrust restrictions on collaborative R&D and other joint ventures such 

as research consortia. According to Irwin and Klenow, the passage of this legislation was partly 

responsible for the formation of the research consortium SEMATECH (SEmiconductor 

MAnufacturing TECHnology) in 1987 by 14 leading U.S. semiconductor producers (1994, p. 4). 

Another impetus for the formation of SEMATECH seems to have been the confluence of the 

interests of two parties: 1) the governing committee of the Semiconductor Industry Association 

(SIA) whose fourteen members would become the original members of SEMATECH; and 2) the 

Department of Defense, whose Defense Science Board recognized in a 1987 report that U.S. 
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semiconductor manufacturing capacity had declined, raising concerns over the security 

implications of developing a dependence on foreign sources of semiconductors for high 

technology-dependent weapon systems and other defense equipment (Spencer & Grindley, 1993, 

Irwin & Klenow, 1994). In 1987 the SIA committee proposed the formation of an industry-wide 

research consortium that would receive matching contributions from the U.S. government in 

order to focus on basic research on semiconductor manufacturing. Meanwhile, the Defense 

Science Board recommended the creation of a research and manufacturing facility, to be jointly 

owned and managed through a public-private partnership. An earmark in the National Defense 

Authorization Act for FY 1988-9 allowed the Department of Defense to contribute up to $100 

million in matching funds to SEMATECH annually (Irwin & Klenow, 1994).  

SEMATECH began operations in 1988 with fourteen U.S. firms. Each member was 

required to contribute one percent of its annual net sales, with a minimum contribution of $1 

million and a maximum of $15 million per year. The total of firms’ contributions was matched 

up to fifty-percent by grants authorized by the U.S. Secretary of Defense (Spencer & Grindley, 

1993). The consortium employed four hundred technical staff, of which approximately 220 were 

assignees from member firms. These assignees completed 6-30 month rotations at the research 

facility based in Austin, TX (Irwin & Klenow, 1994). Although membership had declined by 

1994 (Harris Semiconductor, Micron Technology, and LSI Logic had left the consortium by this 

time), the remaining 11 members still constituted seventy-five percent of the semiconducting 
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manufacturing capacity of the United States (Spencer & Grindley, 1993). SEMATECH ceased 

receiving federal subsidies beginning in FY 1997, but has continued to operate as a private entity 

to the present day. 

 



 

9 

Chapter 2.  Policy Relevance 

Given that the federal budget has been increasingly consumed by entitlement programs, 

the relative share of the budget that is available for other policy considerations, including 

funding for private R&D, has decreased each year (GAO, 2008). It is therefore of particular 

policy relevance to determine the effectiveness of public monies spent on non-entitlement 

investments such as R&D. Ideally, just as in business, the government should seek a maximum 

return-on-investment of public monies. In the case of technology investment, this means that 

R&D that is financed publicly, even if only in part, ought to result in technological outputs of the 

greatest possible technological value.  

Investigating the efficacy of federal subsidization of private R&D by quantifying the 

relationship between membership in research consortia and the technological value of patent 

output enables the critical evaluation of the merit of research consortia as policy options to 

support struggling U.S. industries. If technological capacity building continues to be a significant 

contributing factor in the economic prosperity of the nation, it is altogether appropriate to 

undertake research of this kind, in order to ensure that public monies invested in private R&D 

have been spent in the most effective way.  

Despite criticism from some U.S. semiconductor firms, who claimed that SEMATECH 

members discriminated against non-members through unfair licensing prohibitions and the 

burdensome $1 million minimum fee schedule (Irwin & Klenow, 1994), the consortium was 
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lauded by the Clinton administration “as a successful model of government-industry cooperation 

in support of high-tech R&D” (Irwin & Klenow, 1994, pp. 8-9). A Government Accountability 

Office report published in 1992 stated that,  

Sematech has demonstrated that a government-industry R&D consortium on manufacturing 
technology can help improve a U.S. industry’s technological position while protecting the 
government’s interest that the consortium be managed well and public funds spent appropriately 
(GAO, 1992, p. 2). 
 
 
Given that policy makers and analysts perceived SEMATECH as a success, current and 

future policy makers may be inclined to establish similar consortia. It is therefore important that 

the long-term effects of SEMATECH be well understood by policy makers inclined to promote 

consortia-formation to support U.S. R&D-intensive industries. 
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Chapter 3.  Literature Review 

Arrow (1962) recognized that R&D has characteristics of a public good and generates 

positive external effects that cannot be internalized by the private market. He argued that a free-

enterprise economy would underinvest in invention and research, providing a justification for 

public investment in R&D. However, the question of what form and how much investment 

should be made presents particular difficulties for policy makers who want to base their 

decisions upon quantifiable data. Hall et al. noted that since the output of R&D is an intangible 

asset, “empirical testing…requires an observable proxy for R&D ‘success’” (2005, p. 16). 

Patents have long been recognized as measures of R&D success. The work of Scherer (1965), 

followed by Griliches (1984), figure strongly among early attempts to use patent data for large-

scale economic research. Pakes and Griliches (1984) argued that the patenting process occurs at 

an intermediate state of the R&D process from expenditure to success and therefore serves as an 

appropriate output variable.  

Significant work has been done to investigate the relationship between R&D spending 

and patent output. Hausman, Hall, and Griliches (1984) expanded on the work done by Pakes 

and Griliches and modeled the relationship econometrically, using panel data at the firm level in 

a combined cross-sectional time series analysis of the effect of R&D expenditures by firms on 

the number of patents applied for, or granted to, firms. They concluded that there is a positive 

relationship between R&D expenditure and the number of patents produced by firms. Czarnitzki 
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and Hussinger (2004) analyzed the effect of public R&D funding on private R&D expenditure 

and the subsequent effect of this combined spending on patenting, using a large sample of 

German R&D performers. Czarnitzki and Hussinger found a positive relationship between public 

funding and the number of patent applications made by publicly subsidized firms. 

Hall, Jaffe, and Trajtenberg (2001) created the NBER Patent Citations Data File in 

response to concerns that econometric analysis using simple patent counts has limited analytical 

significance. Hall et al. suggested that patent citations could be used to measure the technological 

value of a patent, under the assumption that patents that are cited more often by subsequent 

patents are of a greater technological value than patents receiving relatively fewer citations. Hall, 

Jaffe, and Trajtenberg (2005) determined (using the 2001 NBER Patent Citations Data File) that 

there is a small but significant positive relationship between the number of citations that a patent 

receives and its monetary value, as measured by the market value of a firm’s stock, in which the 

firm’s R&D investments have been capitalized. 

There is an absence of studies that investigate a possible relationship between public 

subsidization of private R&D and the technological value of the resultant patents. By interpreting 

the effects of SEMATECH membership on the number of citations received on patents granted 

to member firms, it may be possible to demonstrate an alternative approach to evaluating the 

effectiveness of federally subsidized R&D programs generally. 
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Chapter 4.  Research Design 

Conceptual Model 
The technological value of firms’ patents, measured by the total number of citations 

received, was modeled as a function of SEMATECH membership, firm R&D expenditure, net 

sales, number of full-time equivalent (FTE) employees, number of patents applied for and 

subsequently granted to firms, and year. Conceptually, the model used appears as follows: 

 

citationsit = f { sematechit, R&D expenditureit, salesit, employeesit, patentsit } 

 

The primary independent variable of interest, sematechit, is a dummy variable indicating 

a firm’s membership in SEMATECH during the period 1988-1996. The independent variable 

R&D expenditureit controlled for the level of private R&D expenditure made by a given firm in a 

given year. The variable salesit was used a control variable to capture the effect of the net sales 

earned by a given firm in a given year on patent output. The variable employeesit controlled for 

the number of FTE employees of a given firm in a given year. Both salesit and employeesit were 

explicitly intended as controls for firm size. The variable patentsit controlled for the total number 

of patents filed by, and subsequently granted to, a given firm in a given year. The dependent 

variable, citationsit, measured the total number of citations received (accumulated through 2006) 

on granted patents filed by a given firm during a given year during the period 1988-1996.  
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Datasets in Use 
Two datasets, aggregated by firm and by year, provided the basis for this analysis. These 

datasets are the NBER Patent Citations Data File (NBER, 2001), as updated through 2006 by Dr. 

Bronwyn Hall (NBER, 2010), and Compustat made available through the University of 

Pennsylvania’s Wharton School of Business. The updated NBER file contains information on all 

patents filed in the United States from 1963 through 2006, totaling over 3 million patents. 

Additionally, the file contains over 16 million citations made between these patents from 1975 to 

2006. Compustat is Standard & Poor’s collection of market capitalization data, containing 

detailed information on publicly traded firms’ assets and historical performance. The critical 

piece that allowed for the use of both of these databases is the inclusion in the updated NBER 

file of a large number of different Compustat identification numbers, which enabled individual 

patents to be matched to the firms from which they originated. Critically, the identification 

numbers also allowed firms to be matched between the two datasets. A ‘crosswalk’ of these 

identification numbers is included in Appendix A to aid those wishing to reproduce the work of 

this thesis using the same sample. 

Patent and Citations Lags and Data Truncation 
 While data related to firm assets derived from Compustat were relatively straightforward 

in substance, the patent data used in the analysis presented in this thesis requires further 

explanation. Patent files contain both the application date and the date when the patent was 
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granted. For the purposes of econometric modeling dealing with the act of innovation, the 

application date should be used whenever possible, since it is closest to the actual inventive event 

(Hall et al., 2001). However, the lag between the inventor’s (in our case, the firm’s) application 

for the patent and when it is granted is a nontrivial matter, since patents cannot be cited by 

subsequent patents until they are officially granted. According to Hall et al., the review process 

at the USPTO can take up to two years (2001). More recent research has suggested that the lag 

has increased since 2001. Beth Noveck, in her book Wiki Government claimed that applicants 

might wait upwards of three years, and in the case of some technical fields, as many as five years 

(2009). However, Hall et al. noted that the trends of lags has not been monotonic, “…during the 

early 1980s the lags in fact lengthened, but shortened again in the second half of the 1980s and 

early 1990s” (2001, p. 10). Both Hall et al. and Noveck noted a doubling in the number of 

patents examined and granted during the 1980s; this number doubled again in the 1990s, and 

again during the ten years between 1997-2007. 

 In addition to the problem of application-grant lags, the citation data also suffers from a 

truncation problem. Hal et al. explained,  

…as the time series move closer to the last date in the dataset, patent data timed according to the 
application date will increasingly suffer from missing observations consisting of patents filed in 
recent years that have not yet been granted” (2001, p. 10).  
 

Because citations made from recent patents are not assigned until the patent is actually 

granted, earlier patents suffer from a kind of deflation of the number of citations that they have 
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received. Two steps were taken to ameliorate this difficulty. First, based on Hall et al.’s 

recommendation, year dummies were been included (in the two-way random effects regression) 

to control for some of the effects of the truncation of citation data. Second, the citation counts 

themselves were corrected for truncation by Hall et al. in the 2001 version of the NBER dataset 

as well as Hall’s recent version, updated through 2006. Hall’s correction for the truncation of the 

citation counts was based on Hall et al.’s analysis of citation lags in the 2001 NBER report.  

Restricting the Dataset 
Since SEMATECH existed as a federally subsidized entity for a specific period of time 

and was limited to U.S. firms involved in the manufacture of semiconductors and related 

devices, the examined data was restricted to the years 1988 through 1996. By restricting the 

dataset in this way, data on citations received through the end of 2006 were retained, since 

citation data are tied to the patents themselves. The data were further restricted to U.S. firms that 

could be identified in both the updated NBER and Compustat datasets (using the identification 

numbers presented in Appendix A) during the years that SEMATECH received federal subsidies. 

Finally, the data were limited to firms who filed a minimum of nine patents during the period 

1988-1996. This limitation helped to ensure that the examined firms were participants in 

patenting activity to the minimum extent of filing, on average, at least one patent per year of 

SEMATECH’s existence as a federally subsidized research consortium, and allowed for a 

minimum of one patent observation per firm per year. The end result of these restrictions was a 
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sample of 45 firms, including all 14 original members of SEMATECH and 31 non-member U.S. 

semiconductor firms.  

The Estimated Models 
The resultant dataset, comprised of financial data of 45 firms and the patents (and their 

associated citations) those firms were issued during the period 1988-1996, forms the basis for the 

estimations described in this paper. As mentioned above, both pooled Ordinary Least Squares 

(OLS) and two-way random effects regressions were used. Of these two, the random effects 

regression was preferred, given the panel nature of the NBER patent citations data file and 

Compustat data, and since random effects models account for firm and year effects and also 

permits the estimation of coefficients on dummy variables, such as that used to designate 

SEMATECH membership. Formally, the three model specifications that were estimated using 

the pooled OLS regression are: 

(1) citations = β0 + β1 sematech + β2 rdexpend + β3 patent + β4 year + residual 
 

(2) citations = β0 + β1 sematech + β2 rd_sales +β3 employees + β4 patent + β5 year +  
residual 
 

(3) citations = β0 + β1 sematech + β2 rdexpend + β3 sales + β4 employees + β5 patent +  
β6 year + residual 

 

For the random effects regressions, the models were modified as follows: 
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(4) citationsit = β0 + β1 sematechit + β2 rdexpendit + β3 patentit +γ1,2 (year & unit effects)it + 

residualit 
 

(5) citationsit = β0 + β1 sematechit + β2 rd_salesit +β3 employeesit + 
β4 patentit + γ1,2 (year & unit effects)it + residualit 
 

(6) citationsit = β0 + β1 sematechit + β2 rdexpendit + β3 salesit + β4 employeesit +  
β5 patentit +γ1,2 (year & unit effects)it, + residualit 

 

Table 4.1 below presents a list of the relevant variables and their definitions. 

Table 4.1  
Description of Variables 

Variable Description 

citations Total number of citations received by firm (truncation corrected) 

sematech Membership in SEMATECH 

rdexpend Firm R&D expenditures, in $millions 

sales Firm net sales, in $millions 

rd_sales Ratio of firm R&D expenditures to net sales 

employees Number of FTE employees, in thousands 

patent Number of patents filed by a firm 

year Year in which a granted patent was first filed 
 

The independent variable, rd_sales, of model specification (2) was created in an effort to capture 

relative R&D ‘intensity’ by measuring the percentage of net sales that are reinvested in R&D. 

This was done in accordance with prior research conducted by Czarnitzki and Hussinger (2004). 
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The coefficients γ1 -γ2 denote unestimated coefficients for the unit and year effects, which 

controlled for all non-zero residual in the error term. Formally, the null and alternative 

hypotheses were: 

 

H0: Membership in SEMATECH had no effect on the total number of 
citations received on patents filed by member firms. 
 
H1: Membership in SEMATECH had an effect. 

 

Expectations 
If SEMATECH membership had a positive effect on the total number of citations gained 

on (and therefore the technological value of) patents filed by members during the period 1988-

1996, then the coefficient on the SEMATECH dummy variable should be observed to be positive 

and statistically significant. A negative coefficient would suggest that membership had a 

detrimental effect on the technological value of inventions patented by member firms.  

The variables serving as proxies for firm size (rdexpend, sales, and employees) were also 

expected to correspond positively and significantly to total citations gained over the same period, 

since it was reasoned that larger firms could invest more financial and human capital into R&D, 

which would result in the production of more patents, and therefore more total citations. This 

reasoning was supported by prior research that has demonstrated positive links between R&D 

spending and the quantity of patent produced.  
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The variable measuring the ratio of firms’ R&D expenditures to its net sales (rd_sales), 

as a proxy for firm R&D ‘intensity,’ was expected to be positive and significant. Intuitively, the 

greater share of annual net sales that a firm reinvests into its R&D, the more committed it was to 

R&D and the greater the impact on patent outputs ought to have been. 

As a control for the number of patents applications by and subsequently granted to firms 

during the period 1988-1996, the coefficient on the variable patent was expected to be positive 

and statistically significant. Since citations can only be assigned to patents that are granted, and 

since the total number of citations gained on patents issued to firms cannot decline over time, it 

would nonsensical for the coefficient to be negative or not statistically significant. 

In the case of the random effects regression, it was unclear what the significance, sign, 

and magnitude of the coefficients on the variable year ought to be. If the year dummy variables 

could be understood to capture the non-random variation related to the patent examination 

process (the effect of the lags between patent application and grant), industry-wide trends in the 

level of patenting activity, or macro-level economic effects, then the coefficients on the year 

variables might exhibit divergent properties from year to year. For instance, a statistically 

significant negative coefficient on a year variable in this analysis could reflect the decline in 

capacity and technological value of patent outputs of the U.S. semiconductor industry during the 

same period of time in which it faced increased competition from Japanese semiconductor firms. 

Alternatively, the coefficients on year variables could be negative or positive if, in fact, the effect 
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that they measure is largely related to the ability of USPTO patent examiners to process patents 

and assign citations. If there were unspecified exogenous factors in the residual of the proposed 

models, or if large increases in patent application volume over the 1988-1996 period, had 

influence over the speed and thoroughness with which examiners were able to process patents 

and assign citations, we might expect to see negative coefficients on the year variables, which 

would indicate that examiners had less time to assign the relevant citations to each patent, 

decreasing the total number of citations that each patent received, on average.  
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Chapter 5.  Findings 

As described above, three specifications were run using both pooled OLS and random 

effects models. While the random effects regressions were of primary interest to the questions 

being dealt with, a simple pooled OLS regression was useful in identifying and dismissing 

potential issues related to the data itself, particularly with regards to the possibility of 

multicollinearity between the independent variables, and the identification of the preferred 

specification for interpretation.  

Pooled OLS Regression Results 
 All three model specifications were estimated using a pooled OLS regression approach. 

Table 5.1 presents the results of these regressions. 
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Table 5.1  
Pooled OLS regression of citations received on models 1-3 

 Model 

Variable (1) (2) (3) 

SEMATECH membership 820.6*** 1,026.5*** 1,010.2*** 

Firm R&D expenditures, $MM 0.8*** -- 1.1*** 

Firm net sales, $MM -- -- 0.11*** 

rdexpend / sales, % -- 3,170.6** -- 

Firm FTE employees, M -- 3.1* -35.8*** 

Number of patents 26.3*** 27.7*** 25.4*** 

Year 86.4** 85.0** -22.3 

constant -172,495.5** -169,973.6** 44365.3 
R2 0.97 0.97 0.97 
n 367 366 366 

*** p-value < 0.01, **p-value < 0.05, *p-value < 0.10 

 

Model Specification (1) 

Membership in SEMATECH corresponded to an increase of the total number of citations 

received on patents issued to member firms by a statistically significant and practically 

significant amount. On average, members received 820.6 more citations than non-members, 

holding firm R&D expenditures, the number of patents filed/granted and year constant. 

Increases in firm R&D expenditures corresponded to an increase of the total number of 

citations received on patents filed by firms by a statistically significant but negligible amount. 
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All else equal, a $1 million dollar increase in R&D spending corresponded to an increase of only 

0.8 citations over the 9-year period of the existence of SEMATECH as a federally subsidized 

entity. 

An increase in the number of patents filed by and subsequently granted to firms 

corresponded to an increase in the number of citations by a statistically significant but only 

somewhat practically significant amount. All else equal, a one patent increase corresponded to an 

increase of 26.3 citations per firm over the nine-year period. 

Model Specification (2) 

Membership in SEMATECH corresponded to an increase of the number of citations 

received on patents issued to member firms by a statistically significant and practically 

significant amount. Holding constant the ratio of firm R&D expenditures to net sales (i.e. R&D 

‘intensity’), number of FTE employees, number of patents, and year, membership in 

SEMATECH corresponded to an increase, on average, of 1,026.5 citations gained over the nine-

year period, relative to non-members. 

An increase in R&D intensity corresponded to an increase in the total number of citations 

gained by a statistically significant and somewhat practically significant amount. A one-unit 

increase in R&D intensity would mean that the firm reinvests 100% of net sales revenue into 

R&D. Therefore a one percentage-point increase in R&D intensity corresponded to an increase 

in the number of citations gained of 31.7, all else equal. 
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An increase in the number of FTE employees working for a firm corresponded to an 

increase in the number of citations gained by a statistically significant but not practically 

significant amount. All else equal, an increase of one thousand FTE employees increased the 

total number of citations gained by only 3.1 over the nine-year period. 

The number of patents filed by and subsequently granted to a firm had a statistically 

significant but only somewhat practically significant positive effect on the total number of 

citations gained over the nine-year period. An increase of one patent corresponded to an average 

increase of 27.7 citations, holding constant R&D intensity, number of FTE employees, 

membership in SEMATECH, and year. 

The increase of one year had a statistically significant and somewhat practically 

significant effect on the number of citations gained. Holding constant R&D intensity, number of 

FTE employees, membership in SEMATECH, and number of patents, a one-year increase 

corresponded to an average increase of 85 citations per firm over the nine-year period. 

Model Specification (3) 

Membership in SEMATECH corresponded to an increase in the citations received by 

patents issued to member firms by a statistically significant and practically significant amount. 

Members received an average of 1,010.2 more citations on their patents than non-members did, 

holding constant firm R&D expenditures, net sales, the number of FTE employees, the number 

of patents, and year. 
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Increases in firm R&D expenditures corresponded to an increase in the total number of 

citations received on patents produced by firms by a statistically significant but negligible 

amount. All else equal, a $1 million dollar increase in R&D spending corresponded to an 

increase of only 1.1 citations over the 9-year period. 

Increases in net sales revenues corresponded to an increase in the total number of 

citations received on patents filed by/granted to firms by a statistically significant but negligible 

amount. Holding constant firm R&D expenditures, number of employees, SEMATECH 

membership, the number of patents filed/granted and year, a $1 million dollar increase in net 

sales corresponded to an increase of only 0.11 citations over the 9-year period. 

Increasing the number of FTE employees working for a firm actually decreased the 

number of citations gained by a statistically significant and somewhat practically significant 

amount. All else equal, an increase of one thousand FTE employees corresponded to a decrease 

of the total number of citations gained by 35.8 citations. 

The number of patents filed/granted by a firm had a statistically significant but only 

somewhat practically significant positive effect on the total number of citations gained over the 

nine-year period. An increase of one patent corresponded to an increase of 25.4 citations, holding 

constant firm R&D expenditures, net sales, number of FTE employees, SEMATECH 

membership, and year. 

In this model specification, the variable year was not found to be significant. 
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Random Effects Regression Results 
All three model specifications were re-analyzed using a random effects regression 

approach. The results are presented below in table 5.2. 

Table 5.2  
Random effects regression of citations received on models 1-3 

 Model 

Variable (1) (2) (3) 

SEMATECH membership 1,029.7** 1,157.1** 1,057.3*** 

Firm R&D expenditures, $MM 0.06 -- 0.53 

Firm net sales, $MM -- -- 0.04 

rdexpend / sales, % -- 472.5 -- 

Firm FTE employees, M -- -1.2 -11.0** 

Number of patents 27.8*** 27.9*** 27.1*** 

1989 58.30 67.1 30.3 

1990 296.4 287.9 221.6 

1991 414.5* 421.1* 330.2 

1992 607.3** 610.0** 498.0* 

1993 561.6** 565.8** 427.8 

1994 882.6*** 884.4*** 726.5*** 

1995 516.6** 523.1** 316.3 

1996 212.8 203.8 28.3 

constant -748.3*** -766.4** -533.1* 
R2 0.97 0.97 0.97 
n 367 366 366 

***p-value < 0.01, **p-value < 0.05, *p-value < 0.10 
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Model Specification (1) 

Membership in SEMATECH was found to have a positive effect on total citations gained 

by a statistically significant and practically significant amount. Holding constant firm R&D 

expenditures, number of patents, and unit and year effects, members of SEMATECH received, 

on average, 1,029.7 more citations on their patents than non-members did over the nine-year 

period. 

The number of patents issued to firms was found to have a positive and statistically 

significant, yet only somewhat practically significant, effect on the total number of citations. All 

else equal, an increase of one patent corresponded to an increase of 27.8 citations per firm from 

1988-1996. 

The years 1991-1995 were found to have a statistically significant and practically 

significant effect on the number of citations, with coefficient estimates ranging from 414.5-882.6 

citations over the 1988 baseline. The years 1989, 1990 and 1996 were not found to have a 

statistically significant effect on citations, all else equal. 

Model Specification (2) 

Membership in SEMATECH was found to have a positive effect on citations gained by a 

statistically significant and practically significant amount. Holding constant R&D intensity, 

number of patents filed/granted, and unit and year effects, members of SEMATECH received, on 

average, 1,157.1 more citations than non-members over the nine-year period. 
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The number of patents granted to firms was found to have a positive, statistically 

significant yet only somewhat practically significant effect on the number of citations. Holding 

constant R&D intensity, membership in SEMATECH, and unit and year effects, an increase of 

one patent corresponded to an increase of 27.9 citations during 1988-1996. 

Again, the years 1991-1995 were found to have a statistically significant and practically 

significant effect on the number of citations gained by firms, with coefficients ranging from 

421.1-884.4 citations over the 1988 baseline. The years 1989, 1990 and 1996 were not found to 

have a statistically significant effect on citations, all else equal. 

Model Specification (3) 

Membership in SEMATECH was found to have a positive effect on citations gained by a 

statistically significant and practically significant amount. Holding constant firm R&D 

expenditures, net sales, number of FTE employees, number of patents filed/granted, and unit and 

year effects, members of SEMATECH received, on average, 1,057.3 more citations than non-

members did over the nine-year period. 

The number of FTE employees working in a firm had a statistically significant yet 

practically insignificant negative impact on the number of citations received on patents 

filed/granted. All else equal, an increase of one thousand employees corresponded to a decrease 

in the number of citations received of 11.0. 
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The number of patents granted to a firm had a statistically significant and somewhat 

practically significant positive impact on the number of citations received on patents filed 

between 1988 and 1996. An increase of one patent corresponded to an increase of 27.1 citations, 

all else equal. 

In the random effects regression of model specification (3), the years 1992 and 1994 were 

found to have a statistically significant and practically significant positive impact on the number 

of citations. The years 1989-1991, 1993, and 1994-1995 were not found to have a significant 

effect on the total number of citations. 

Multicollinearity 
The high R2 value (consistent at 0.97) across all three model-specifications for both 

pooled OLS and random-effects regressions was highly suggestive of potential issues of 

multicollinearity between the independent variables. High R2 values can indicate a high degree 

of correlation between independent variables, which increases the size of the standard errors for 

the estimated coefficients, but does not bias or render inconsistent the estimates themselves. The 

correlation matrix presented in Appendix B will provide the reader with greater insight into the 

relationship between the variables. 

Although all 6 regressions presented above yielded very high R2 values, there are several 

reasons to think that multicollinearity was a significant factor in only one of the three model 

specifications. First, variance inflation factor (VIF) tests on pooled OLS regressions of all three 
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model specifications of the pooled regressions (tables 5.3-5) showed possible multicollinearity 

issues with only specification 3. The VIF value, “reflects the degree to which other coefficients’ 

variances (and standard errors) are increased due to the inclusion of that predictor” (Hamilton, 

2006, p. 213). A VIF value of 10 or greater for two or more independent variables is a strong 

indicator that those variables measure the same effect. In the case of model specification 3 (table 

5.5), the high VIF values for the variables sales, rdexpend, and employees was suggestive of the 

possibility that all three variables can be understood as proxies for firm size. If this was the case, 

then it may be argued that specifications 1 and 2 should be preferred to specification 3, since 

they controlled for firm size in a more limited way, and therefore warrant fewer concerns over 

multicollinearity. 

 

Table 5.3  
Test for multicollinearity: VIF, model 1 (pooled OLS) 

Variable VIF 1/VIF 

sematech 1.38 0.72 
rdexpend 2.76 0.36 

patent 2.77 0.36 
year 1.08 0.93 

Mean VIF 2.00 -- 
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Table 5.4  
Test for multicollinearity: VIF, model 2 (pooled OLS) 

Variable VIF 1/VIF 

sematech 1.36 0.73 
rd_sales 1.12 0.89 

employees 2.10 0.48 
patent 2.07 0.48 
year 1.15 0.87 

Mean VIF 1.56 -- 
 

Table 5.5  
Test for multicollinearity: VIF, Model 3 (pooled OLS) 

Variable VIF 1/VIF 
sematech 1.43 0.70 
rdexpend 13.32 0.08 

sales 15.73 0.06 
employees 12.76 0.08 

patent 2.97 0.34 
year 1.25 0.80 

Mean VIF 7.91 -- 
 

 

Second, a bivariate OLS regression of citations received on patents filed/granted yielded 

a large R2 value of 0.96, suggesting that the number of patents granted to a firm is the best 

predictor of the total number of citations that a firm received on its patents. The estimate of 28.7 

citations per patent was strikingly similar to the estimate produced in both the OLS and random 

effects regressions of models 1-3. In light of those regressions, it was clear that this estimate was 

upwardly biased, but to a surprisingly small degree. 
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Table 5.6  
Bivariate regression of citations on number of patents 

Variable Coefficient Estimate 

Number of patents 28.7*** 

constant -227.0** 

R2 0.96 
n 399 

***p-value < 0.01, **p-value < 0.05, *p-value < 0.10 

 

Third, very large R2 values are not unheard of in econometric analyses using patent data. 

Verbeek and Debackere found that,  

…the levels of public and private R&D expenditure in combination with the level of technological 
output (i.e.) patents have a strong predictive and explanatory power towards corporate profitability 
(R2 value of 94.9%) (Verbeek & Debackere, 2006, p. 279). 
 
 
Finally, even if there is cause for concern over multicollinearity, its presence would only 

serve to suggest that the estimates presented above were of greater, not lesser, statistical 

significance. Since multicollinearity increases the size of standard errors, eliminating the effects 

of multicollinearity would make existing estimates more precise. Since the estimates presented 

above were already by-and-large of high statistical significance, confirmation of the presence of 

multicollinearity would mean that the variables of interest, and in particular the sematech 

variable, would become even more precise, i.e. perhaps even beyond the 1% level. In other 

words, the presence of multicollinearity would not undermine the validity of the models 

presented above in terms of their inferences. 
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Chapter 6.  Conclusions 

The results discussed above support several interesting possible conclusions. First, the 

results show that SEMATECH membership was correlated with a large and positive increase in 

the technological value of patents produced by member firms as demonstrated by the substantial 

increase in the number of citations gained by members over non-members. This effect was 

surprisingly robust across all model specifications and both regression methods. This suggests, 

but certainly does not prove, that the formation of consortia like SEMATECH may represent an 

effective policy option for the U.S. federal government to support struggling industries that are 

highly dependent upon sustained R&D activity, as in the case of the semiconductor industry, by 

increasing the technological value of member firms’ patent outputs. 

Second, insofar as R&D expenditure, net sales, and number of FTE employees can be 

understood as proxies or measures of a firm’s size, the results suggest that the size of a firm has 

little to no impact, or (as in the case of FTE employees in model specification 3) even a slightly 

negative impact on the total number of citations, and thus the technological value, of patents 

filed by firms in the sample during the period from 1988-1996. This result is somewhat 

surprising, since larger firms presumably have greater funds that can be spent on inventive and 

patenting activities, and since prior research has shown that private R&D spending is positively 

associated with the number of patents produced at the firm level. The fact that this is not found to 

be the case suggests that neither the amount of money spent on R&D, the money earned, nor the 
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number of FTE workers employed by firms during 1988-1996, had an impact on patents’ 

technological value, and that the link between R&D spending and citations is not significant, in 

contrast to the link between R&D expenditure and the number of patents produced, as revealed 

by prior research. 

Third, the number of patents filed by firms had a similarly robust and statistically 

significant, if not practically significant, effect on the number of citations gained on patents filed 

between 1988-1996. This positive result is not surprising, since it cannot be negative (there is no 

such thing a negative citation, and the total number of citations a firm receives on its patents 

cannot decrease over time). The rather mundane conclusion to be drawn here is that in order to 

gain any citations at all, a firm must be engaged in patenting activity. However, it might be 

surmised that firms that produce many patents are more intensely engaged in patenting activity, 

and therefore are more likely to produce patents of greater technological value. 

Finally, the results concerned with the year effects are of particular interest. While it 

seems reasonable for the number of citations to increase over time if the overall number of 

patents being filed over time is likewise increasing, it is not obvious why particular years should 

affect the number of citations gained by firms’ patents to a greater or lesser degree, or why this 

effect should not be statistically significant for certain years.  

The consistency of the year effects may be explained by the interplay of several factors. 

Apart from the inherent technological value of the patents themselves, the number of citations 
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that any one patent receives depends in large measure on the work of the patent examiners 

employed by the USPTO. Prior research has suggested that the digitization of the U.S. patent 

databases during the 1980s might explain the increase in the number of average citations per 

patent observed (Hall et al., 2001). This same research shows that following the year 1995, the 

average number of citations per patent declines. Some have speculated that this decline can be 

explained by the inability of the limited number of patent examiners to keep up with the dramatic 

increase in the number of patents filed through the 1990s, a trend which has continued through 

the present day (Noveck, 2009). In essence, patent examiners have been overwhelmed by 

increased workloads and therefore are unable to spend as much time researching each patent and 

discovering whatever pertinent prior art might exist. This effect has been compounded by a 

decline in the number of examiners employed by the USPTO (ibid.). It is therefore possible that 

the change over time in the year effects on patent citations from 1988 through 1996 may be 

explained by the interaction of the increased ease with which patent examiners may find prior art 

as a result of the database digitization, and the growing effect of the decreased amount of time 

available to patent examiners to fully investigate the claims of patents. As the latter effect 

overtakes the former, the observed effect of the year would decrease, since the variable year 

might be understood to be capturing the effect of the patent examination process upon the 

number of citations received. It is less clear why similar estimates of the year coefficients should 

not be observed in model specification 3. After controlling for firm R&D expenditure, net sales, 
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and employees, only the years 1992 and 1994 yield statistically significant coefficients, though 

the year 1993 comes very close, with a p-value of 0.11. It is possible that this difference from 

specifications 1 and 2 is the result of the multicollinearity evinced by the VIF tests run on the 

pooled regression of specification 3. In the presence of multicollinearity, the standard errors of 

the coefficients will be inflated. If the multicollinearity issues were resolved, it is possible that 

the year effects may reflect those presented in specifications 1 and 2 more closely. 

Caveats and Limitations 
From the outset, it is important that the reader understand that the results and the 

conclusions presented here concerning the effect of SEMATECH membership on the 

technological value of patents produced by member firms should not necessarily be held to 

represent the predictable effect of all or any other particular research consortium or R&D 

program generally. SEMATECH was formed in response to a specific set of circumstances, 

within a particular industry that is especially dependent on R&D, and organized and governed in 

such a way that makes it difficult to establish external validity across all R&D consortia. In this 

light, the inferences made about the sample data examined herein are of limited practical use, 

except for those interested in gauging the effectiveness of SEMATECH. Of greater value to 

existing literature is the demonstration of the feasibility of modeling technological value by 

using patent citation data. A similar technique to the one employed in this thesis could be used to 
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evaluate the efficacy of other research consortia on a case-by-case basis, or could be extended to 

evaluate the effects of federal programs dealing with private industry and R&D. 

With respect to the use of patent data generally, it is important to note that not all 

inventions are patented. Information is not a perfect public good, and investors can rely on other 

strategies to protect their inventions, such as secrecy, lead time, and rapid development (Hall et 

al., 2001). Some surveys indicate that patent applications are only submitted for 52% of product 

inventions, and 33% of process inventions (OECD, 2009). Nevertheless, patents do still represent 

a significant proportion of the innovation activity in the U.S. 

Admittedly, the internal validity of the examination presented herein rests upon several 

assumptions of debatable merit. First, since the models use Hall’s ‘truncation corrected’ data on 

patent citations, the proposed inferences may be undermined if it is determined that Hall’s 

weighting of the citations is found to be incorrect. Second, the utility of citation data depends 

upon how accurately the number of citations received reflects a patent’s true technological value. 

Citations counts should not be understood to represent an absolute scale. According to Hall et al.,  

…it must be acknowledged that there is no natural scale or value measurement associated with 
citations data. Standing by itself, the fact that a given patent received 10 or 100 citations does not 
tell you whether that patent is “highly” cited. Intrinsically, information on patent citations is 
meaningful only when used comparatively (2001, p. 25). 

 
 

 Since only the relative technological value can be inferred from analyses using citation 

data as a dependent variable, the applicability of the findings presented herein may be somewhat 

circumscribed, as different technical fields may have widely divergent patenting cultures that 
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could render comparison of consortia across fields inappropriate. Third, it may be that patent 

examiners propensity to assign citations changes over time in response to decreases in the 

amount of time available to examiners to review each patent. If the rate at which citations are 

assigned to patents changes over time, then the total number of citations that a patent receives in 

a specified period of time may not reflect the invention’s actual technological value as accurately 

as would be true if examiners’ propensity to assign citations were constant over time. 

Finally, the examination presented in this thesis depends critically upon the merit of the 

selection process involved in constructing the sample. It was assumed that the exclusion of 

semiconductor firms that could not be matched across both datasets would be missing randomly 

from the sample. If this assumption were to be demonstrated as false, then the estimates 

presented here may be subject to selection bias. It is clear from the summary statistics presented 

in table 6.8 of Appendix B and figures 1-6 of Appendix C that SEMATECH members differ 

significantly from non-members with respect to the examined variables, underlining the need to 

control for these factors. If however the differences between members and non-members extend 

beyond those that have been explicitly controlled for in the model, either through control 

variables or unit effects, then the estimate on SEMATECH may be biased if it is correlated with 

some unspecified term in the residual that is also correlated with citation counts. 
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Directions for Future Research 
Much of the research pertaining to the econometric analysis of innovation output involves 

estimating the number of patents produced by private firms as a function of R&D expenditure. 

This thesis has demonstrated an underused technique for modeling technological value of 

innovations produced by federally subsidized firms by using the number of citations received on 

firms’ patents as a dependent variable.  

Before this approach can gain wide acceptance among economists and policy analysts it 

must be used to examine other cases in addition to the sole case presented here. Possible 

candidates include the consortia VHSIC (Very High Speed Integrated Circuits program) and 

MCC (Microelectronics and Computer technology Corporation). Federally subsidized consortia 

have been formed in other R&D intensive industries, such as biomedical and pharmaceutical. 

Successful utilization of the technique described here in analyses of consortia in these additional 

technical fields would greatly enhance the external validity of this approach.  

Econometric analysis of patent outputs as indicators of innovation would benefit greatly 

from further research into the patent examination process itself. This would allow patent models 

to be more accurately refined and would help reveal potential endogenous factors that could 

undermine the utility of patent citations as indicators of technological value. For instance, 

including controls to capture the effect on citation assignment of changes in the amount of time 

available to patent examiners to discover prior art could bolster confidence in the use of citations 

as a dependent variable. Researchers might also attempt to estimate the effects of the digitization 



 

41 

of the USPTO’s patent database (during the 1980s and early 1990s) on the number of citations 

that examiners assigned to patents relative to the antecedent paper-based period. 

The lack of quantitative analysis in the area of technological value deserves attention and 

remedy. If policy makers are inclined to continue to incentivize and promote consortia formation 

as a means to support R&D in U.S. industries, it is critical that the effects of participation in 

consortia are well understood. Models that focus on the quantity of patents produced can 

measure the short-term gains in productivity that result from consortium participation because 

firms have strong incentives to apply for patents as soon as possible following the act of 

invention. However, such models fail to measure the long-term benefits of consortium 

participation because simple patent counts do not reveal anything about how important the 

resultant patents are to advancing the technical knowledge of the field. Patent citations, on the 

other hand, may reveal the relative importance of one patent over another in terms of 

technological value, and therefore allow comparisons between participating and non-

participating firms, and even between different consortia. 

The analysis of SEMATECH described in this paper, though limited, demonstrates one 

way in which the overlooked long-term effects of participation in federally subsidized R&D 

consortia may be evaluated. As national economic growth becomes more reliant upon gains in 

domestic technological capacity, it is imperative that policy makers who are concerned with 

bolstering the long-term technological capacity of the U.S. should shift their attention away from 
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short-term indicators, such as private R&D spending and patent quantity, towards measures of 

innovation quality and technological value. 
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Appendix A: Crosswalk Identification of Sample Firms 

 
Table A.1.  
'Crosswalk' of sample firm IDs 

U.S. Semiconductor Firms PDPASS # HJT Assign# CUSIP # GVKEY # 
     

SEMATECH     
     

AT&T Microelectronics 10111144 706518 1957 1581 
Advanced Micro Devices 10949708 8075 7903 1161 
Digital Equipment 10949879 686458 253849 3955 
Harris Semiconductor** 10292016 242295 413875 5492 
Hewlett-Packard 10981906 250070 428236 5606 
Intel 11275669 278220 458140 6008 
IBM 10083419 280070 459200 6066 
LSI Logic* 10959870 343790 502161 6529 
Micron Technology* 11317369 373440 595112 7343 
Motorola 10459780 386725 620076 7585 
NCR 10097883 395480 628862 7648 
National Semiconductor 11031665 394010 637640 7772 
Rockwell International 10279693 480040 773903 9203 
Texas Instruments 10297519 570160 882508 10499 
     

Non-SEMATECH     
     
Altera Corp 12114334 21885 21441 14324 
Analog Devices 10483222 28725 32654 1632 
Cirrus Logic 11742139 105280 172755 16401 
Cypress Semiconductor 11593241 132165 232806 12215 
Dallas Semiconductor 11042593 134145 235204 13941 
Eaton Corp. 10060190 161150 278058 4199 
Energy Conversion Devices 10237078 173980 292659 4352 
General Instrument Co. 10430930 218915 370121 5063 
W.R. Grace & Co. 10459323 633995 383883 5250 
Honeywell, Inc. 10844670 256580 438506 5693 
ITT Corp. 10043385 287565 450911 5860 
Integrated Device Technology, Inc. 11559437 277930 458118 6003 
International Rectifier Corp. 12339994 281835 460254 6109 
LAM Research Corp. 11362029 327855 512807 6565 
Linear Technology Corp 10943302 338315 535678 12216 
Martin Marietta Corp. 10476267 355180 572900 7077 
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Apple Computer 11490310 32940 637833 1690 
N. American Philips 10837766 407820 657045 7946 
Siliconix, Inc. 10261417 514150 827079 9719 
Standard Microsystems 10180718 540495 853626 9999 
Sun Microsystems 11103497 551495 866810 12136 
TRW, Inc. 10109756 589355 872649 10301 
Tektronix, Inc. 10874498 565820 879131 10391 
UNISYS Corp. 10086125 596125 909214 2504 
Unitrode Corp. 10949656 597765 913283 11001 
VLSI Technology, Inc. 10952038 613300 918270 11062 
Varian Semiconductor Equipment 10067150 605045 922207 119217 
Westinghouse Electric Corp. 10107597 625115 960402 20362 
XILINX, Inc. 10920937 635340 983919 22325 
XEROX Corp. 10053462 635240 984121 11636 
Zilog Corp. 10697163 640380 989524 23700 

*   Left SEMATECH in 1992 

** Left SEMATECH in 1993
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Appendix B: Descriptive Statistics 
 

Table B.2.  
Mean R&D expenditures (in $millions) by year 

Year Mean Range 
1988 417.3 4,414.2 
1989 445.4 5,195.4 
1990 447.3 4,910.1 
1991 475.1 4,998.7 
1992 498.0 5,079.3 
1993 508.3 4,429.0 
1994 510.4 3,478.6 
1995 614.0 5,224.7 
1996 544.1 3,927.8 
Total 495.3 5,225.6 

 

Table B.3.  
Mean net sales (in $millions) by year 

Year Mean Range 
1988 6,713.8 59,672.4 
1989 6,709.2 62,686.8 
1990 7,005.6 69,011.4 
1991 7,132.4 64,774.8 
1992 7,304.4 64,889.1 
1993 7,745.6 67,143.6 
1994 8,147.7 75,074.6 
1995 9,150.3 79,567.7 
1996 8,789.4 75,909.7 
Total 7,620.6 79,602.4 
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Table B.4.  
Mean R&D 'intensity' by year 

Year Mean Range 
1988 0.11 0.91 
1989 0.10 0.22 
1990 0.11 0.56 
1991 0.10 0.23 
1992 0.10 0.22 
1993 0.10 0.21 
1994 0.09 0.21 
1995 0.09 0.18 
1996 0.10 0.24 
Total 0.10 0.92 

 

Table B.5.  
Mean FTE employees (in thousands) by year 

Year Mean Range 
1988 52.4 386.9 
1989 49.6 383.0 
1990 47.5 373.6 
1991 45.0 344.4 
1992 42.7 312.5 
1993 41.6 308.5 
1994 38.7 304.3 
1995 38.7 299.3 
1996 34.4 240.3 
Total 43.4 387.0 
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Table B.6.  
Mean number of patents by year 

Year Mean Range 
1988 94.9 634 
1989 112.7 705 
1990 123.1 876 
1991 138.6 1,231 
1992 159.7 1,499 
1993 169.3 1,258 
1994 198.5 1,838 
1995 251.1 2,544 
1996 276.5 2,706 
Total 168.6 2,708 

 

Table B.7.  
Mean total citations on patents by year 

Year Mean Range 
1988 2,112.0 18,698.9 
1989 2,680.5 20,786.5 
1990 3,188.5 29,857.3 
1991 3,760.7 38,921.9 
1992 4,560.8 49,399.5 
1993 4,820.1 39,162.2 
1994 5,923.8 63,158.6 
1995 7,079.9 73,746.1 
1996 7,526.4 73,828.6 
Total 4,603.9 73,934.0 
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Table B.8.  
Mean values for variables of interest, by SEMATECH membership 

Variable SEMATECH Non-SEMATECH 

Firm R&D expenditures, $MM 1,166.3 
(1,335.4) 

184.6 
(231.5) 

Firm net sales, $MM 16,675.6 
(21,655.4) 

3,482.6 
(5,003.6) 

rdexpend / sales 0.09 
(0.04) 

0.11 
(0.8) 

Firm FTE employees, M 89.4 
(97.6) 

21.9 
(31.3) 

Number of patents 383.6 
(461.2) 

75.0 
(119.5) 

Total citations received on patents 11,432.2 
(13,533.8) 

1,631.8 
(2,771.4) 

 

Table B.9.  
Correlation matrix of estimated variables 

Variable R&D 
expenditures Net sales R&D 

expend/sales 
FTE 

employees Patents Citations 

R&D 
expenditures 1.00 -- -- -- -- -- 

Net sales 0.94 1.00 -- -- -- -- 

R&D 
expend/sales -0.18 -0.26 1.00 -- -- -- 

FTE 
employees 0.92 0.94 -0.30 1.00 -- -- 

Patents 0.78 0.72 -0.17 0.64 1.00 -- 

Citations 0.78 0.74 -0.15 0.64 0.98 1.00 



 

49 

Appendix C: Descriptive Figures 
 

 
Figure C.1. Mean R&D expenditures by year. 

 
Figure C.2. Mean net sales by year. 
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Figure C.3. Mean R&D 'intensity' by year. 

 

 
Figure C.4. Mean FTE employees by year. 
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Figure C.5. Mean total patents by year. 

 

 
Figure C.6. Mean total citations by year. 
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