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ABSTRACT 

This dissertation consists of three essays which combine studies of Industrial Orga

nization and Labor Economics to investigate how institutions, like the intellectual 

property regime and funded R&D affect the production of patents and engineering 

degrees. Also occupational mobility in engineers is investigated as a source of addi

tional supply of engineers. 

In the last two decades there have been significant changes in the interpretation of 

patent-law in the U.S. Most important for this study, software became a 'patentable 

subject matter' by 1995. Since 1995 the number of software patents has increased 

annually at an approximate rate of 15%. In the first essay I examine the impact of 

this treatment of property rights in patents, with the help of a self-compiled data 

set that matches firms' patent-portfolios with their financial variables, for the period 

1986-2001. Contrary to popular belief, not aU software firms have increased their 

patent propensity or their number of patents per revenue dollar - firms either have 

many patents or almost none. The decision to patent, as well as the number of 

patents, is a direct function of the size of the firm. In fact firms with zero patents 

had almost the same R&D intensity as the firms that patented (approximately 16% 

of sales) but were half as big as the patenting firms. The concentration of patents 

amongst large firms, in the cumulative technology set up can act as future barriers 

to entry. However, as of now, existence of a large number of zero-patent firms does 

not seem to support this fear. 

The last two essays examine the labor markets and the development of human 

capital in the engineering profession. I first model the annual production of engineers 

at the three degree levels (B.S., M.S., and Ph.D.) and four engineering sub-fields over 

the time period of 1970-1998. Unlike previous models, I disaggregate R&D by the two 

main performing groups: industry and university. Industry performed R&D is treated 
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as a demand-side variable, while imiversity performed R&D is treated as a supply 

side variable, through its impact on funding for higher education in engineering. 

Distributed lags of R&D spending are used as iadicators of the extent of long-run 

opportunities in engineering. Starting salaries are interpreted as indicators of spot 

labor market conditions for newly minted degrees. A system of equations, models 

the number of engineering degrees at one degree-level as a potential appUcant pool 

for the next higher degree-level. The availability of foreign students in the applicant 

pool is also accounted for. 

I find that industry R&D has a significant positive impact on job opportunities for 

all degree levels, the greatest impact (of elasticities of magnitudes Uke 0.34 and 0.26) 

being felt by holders of M.S. degrees-the typical terminal degree-level for engineering 

education. In contrast, spending on university R&D has a significant negative impact 

on three out of four engineering sub-fields at the M.S. level. 

One of the major worries in engineering training is the extent to which the num

ber of engineers in subfields in engineering will be mismatched with the demand for 

engineers in these subfields. Parts of the second and the entire third essay further 

examine mobility of engineers across engineering sub-fields. Using a discrete-choice 

model the mobile worker's probabilities of transitions to various engineering sub-fields 

are estimated controlling for the worker's relevant demographic and institutional char

acteristics. The results from the two analyses suggest that at the educational level 

engineering degrees include a significant amount of general engineering human capi

tal, as there appears to be a reasonable amount of cross-mobility amongst engineering 

degree enrollments at different sub-fields and degree-levels. However, at the occupa

tional level, engineers do not switch engineering sub-fields, as much as they exit the 

engineering occupation completely. 



Chapter 1 

INTRODUCTION TO THE DISSERTATION 

This dissertation consists of essays, which combine studies of Industrial Organization 

and Labor Economics to investigate how knowledge is produced and transferred in an 

increasingly knowledge based economy. The motivation for the essays is the observa

tion that the two most important factors distinguishing a developed economy from 

an under-developed economy, are its institutions and the human capital in its labor 

force. Thus the iastitutionalized research, as seen in the funding of research activities 

by NSF, NIH etc. and the strong institutions of intellectual property rights(IPR) 

clearly make the U.S. research environment very unique in the world. Aknost as a 

complement to the research environment, the rigorous higher-educational training in 

the U.S. universities ensures a supply of labor force trained in the same standards 

as required by the research environment. This dissertation is an attempt to ana

lyze how institutional changes, like the IPR regime and sponsored R&D, can impact 

the production of patented output, and technical labor force. In particular, the first 

essay investigates the role of R&D and changes in patent law, in the surge in soft

ware patenting since the early 1990's. The second essay looks at the production of 

engineers in American Universities and Colleges from an R&D and cross-degree per

spective. The last essay further analyzes the occupational mobility of engineers at 

the micro-level. Even though the econometric and other modeling techniques used 

throughout the dissertation can be applied in the context of other industries or la

bor markets, the case of the software technology and engineers is unique, as will be 

explained below. 
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The second chapter examines the impact of a major patent regime change on 

the output of patented inventions in the pure software industry. The significance of 

studying IPR on software can be estabMshed recursively. Thus, since Information 

Technology (IT) is the pillar of the knowledge based economy, and since software 

is the key input into IT, and since software thrives on innovation, and since irmo-

vation needs innovators who need incentives to undertake research, then the kind 

of IPR regime and its impact on innovation becomes an interesting and a useful 

analysis to execute. In the last two decades there have been significant changes in 

the interpretation of patent-law in the United States. Observers have noted these 

changes as being largely pro-patent. The establishment of the Court of Appeals for 

the Federal Circuit, in 1982, centraUzed the processing of aU patent related litigations. 

Subsequently, the percentage of all patent appeals upheld went up from 62% to 90% 

(Lerner, 1995). Software itself underwent a major change in its claim to patentabihty. 

Prom being considered a mere 'concatenation of algorithms' and thus vinpatentable^, 

to the USPTO, fuially issuing the 'USPTO Examination Guidelines for Computer 

Implemented Inventions', in 1995- a patent examiner's manual for assessing software 

patent appUcations, software came a long way. Clearly, the IPR regime in place has 

positively impacted the output of patents. However, to the extent that each patent 

is also an approximate measure of stock of knowledge, it is of use to know whether 

patents are being produced purely because the USPTO is 'happy to grant a software 

patent' or are there underlying researched software ideas truly novel and worthy of 

exclusive patent rights over them? 

My study addresses the above issues by establishing the determinants of patenting 

for software industry. Interesting results emerge. First, contrary to popular belief, not 

^ Like, E=nic^, is a physical law, and thus unpatentable. 
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all software firms have increased their patent propensity or their number of patents 

per revenue dollar. There is in fact a bimodal distribution of patents in the industry 

- firms either have many patents or almost none. So there is no spurt per se in 

patenting that has taken place industry wide. Second, the decision to patent, as 

weU as the number of patents, is a proportional function of the size of the firm. In 

fact firms with zero patents had almost the same R&D intensity as the firms that 

patented (approximately 16% of sales) but were half as big as the patenting firms. 

Investigation of a non-linear relationship of scale and patenting reveals a positive 

second derivative, or a convex scale-patenting relationship, implying that patenting 

increases at an increasing rate with the size of the firm. This is not typical of most 

industries, and indicates a tendency for concentration of patents amongst big firms. 

Patents axe monopoly rights on ideas, and to that extent patenting in software is 

interesting. This is so because software development is unique in that it exhibits a 

cumulative technology environment. This impfies that the new algorithms and codes 

build upon the old ones to a large extent. Extensive patenting in such technology 

thus implies that every commerciaHzable software output has several patent claims 

on it as opposed to a one-to-one correspondence between the patented technology 

and the commerciaMzed product. This is called 'patent thicket' in the literature. The 

important policy concern is that given an intricate web of patents "is our patent 

system slowing down the commercialization of new technologies?" (Shapiro, 2001). 

The growing Open Source Software, which some believe has a rate of innovation 

far greater than the proprietary software, is another indicator of the relevance of 

reassessing IPR for software. The results from this research, by establishing that 

patents on software are more a function of the size of the firm than its R&D intensity, 

also in turn indicate that not all software patents are truly increments in stock of 
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knowledge. Instead they are a strategic build-up by few firms. Thus if a lot of 

innovation in software is still not being patented, the relevance of patents for software 

is further debatable. 

The next two essays in the dissertation examine the labor markets and the de

velopment of human capital in the engineering profession. Engineers are individuals 

with rigorous quantitative and analytical training. They have speciahsed skills which 

they acquire over a time-bound educational training. Of course, this would be true of 

a lot of other fields of study also, Kke medical, sciences, law, etc. Yet, engineers are 

unique from most other specialists, since engineers appear to take a wide variety of 

combinations of fields and sub-fields educationally and occupationally. Thus a chem

ical engineering B.S. can end up pirrsuing an electrical engineering M.S., or can be 

employed in a non-engineering job as a manager. Such mobihty issues are addressed 

in this dissertation at both the macro and the micro level. 

I first model the annual production of engineers at the 3 degree levels (B.S., M.S., 

and Ph.D.) and at four engineering sub-fields over the time period of 1970-1998. An

other objective of this essay is to see if R&D matters in production of engineering 

degrees. Unlike previous models, I disaggregate R&D by the two main performing 

groups: industry and university. Industry performed R&D is treated as a demand-side 

variable, while university performed R&D is treated as a supply side variable, through 

its impact on funding for higher education in engineering. Distributed lags of R&D 

spending are used as indicators of the extent of long-run opporttmities in engineering 

in addition to the information provided by starting salaries in the various engineering 

sub-fields. Starting salaries are interpreted as indicators of spot labor market condi

tions for newly minted degrees. Using a system of equations, the cross-degree effect 

amongst different sub-fields is modeled by treating the number of engineers at each 
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degree-level as a potential applicant pool for the next higher degree-level. I also take 

into account the availability of foreign students' in the applicant pool for each degree 

level. 

I find that industry R&D has a significant positive impact on job opportunities for 

all degree levels. The greatest impact of industry R&D spending is felt by holders of 

M.S. degrees- the typical terminal degree-level for engineering education. In contrast, 

spending on university R&D has a significant negative impact on three out of four 

engineering sub-fields at the M.S. level. 

The third essay uses individual-level data to examine further the mobility of en

gineers across engineering sub-fields. The policy relevance of this research has to do 

with the supply responses to shifts in market demand across engineering subfields. 

The extent to which relative and absolute engineering salaries change depends upon 

the rapidity with which the supply side can respond. The response, besides involving 

production of new degrees and immigration, also involves the ease with which trained 

engineers can move across engineering subfields. Using a discrete-choice model the 

mobile worker's probabilities of transitions to various engineering sub-fields are esti

mated controlhng for the characteristics of the worker and the relevant demographic 

and institutional characteristics. 

The last two essays produce two interesting sets of results in the context of mo

bility of engineers. The first essay indicates that at the educational level, there is 

significant impact of one degree-level on degrees produced at other degree-levels in 

other/same engineering sub-field. However, at the occupational level, engineers show 

very little mobility amongst engineering occupations. Thus the policy implication 

is that changes in the labor market for a particular engineering sub-field, will not 

invoke an immediate supply response or transition of other engineers to this engi
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neering sub-field. However, other engineers will be able to train themselves to be in 

this engineering sub-field, and thus there will be a supply response with a lag. 

The dissertation contributes to the advancement of a better understanding of how 

one size fits all IPRs may not work for unconventional technologies, how engineers 

react to different R&D sources, and the degree of transferability of engineering skills 

amongst engineering occupations. 
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Chapter 2 

THE RECENT SURGE IN SOFTWARE PATENTING IN THE 

UNITED STATES - AN EMPIRICAL EXPLORATION OF 

PURE SOFTWARE FIRMS 

"How is it possible for one to own the stars?" 
"To whom do they belong?" the businessman retorted, peevishly. 
"I don't know. To nobody." 
"Then they belong to me, because I was the first person to think of it." 
"Is that all that is necessary?" 
"Certainly. When you find a diamond that belongs to nobody, it is yoiirs. When 

you discover an island that belongs to nobody it is yours. When you get an idea 
before anyone else, you take out a patent on it: it is yours. So with me: I own the 
stars, because nobody else before me ever thought of owning them 

Antoine de Saint Exupery in 'The Little Prince', pp 55-56. 

2.1 Introduction 

In the last decade there has been an unprecedented surge in the number of software-

related patents issued in the United States (Fig. 2.1)^. This has coincided with 

changes in the underlying patent-laws for software. In particular, a series of court 

rulings throughout the early 1990s, led to software finally becoming a 'patentable 

subject matter' by 1995. Software development exhibits a cumulative technology en

vironment, in that the new algorithms and codes build upon the old ones to a large 

extent. Extensive patenting in such technology' thus implies that every commercial-

^In the sample analysed in this study itself, the number of patents held by software firms grew 
at an annual average rate of 15%, since early 1995 
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izable software output has several patent claims on it as opposed to a one-to-one 

correspondence between the patented technology and the commercialized product. 

This is called in the literature as 'patent thicket'. The very important policy con

cerns are that given an intricate web of patents "is our patent system slowing down 

the commerciahzation of new technologies?" (Shapiro, 2001). In other words, is iimo-

vation getting stifled because of potential entrants' fears of unintentionally infringing 

on patents held by a multiple set of parties, and thus being potentially exposed to 

costly patent law-suits^? 

While the above question primarily raises concerns about the potential impact of 

the sheer number of patents on innovation in the industry, there are two significant 

related questions too. First, if firms truly patent based on their research outputs, then 

it can be assumed that firms consider patents as effective means of protecting their 

R&D outputs. Then will not an absence of patents reduce incentives to undertake 

R&D and thus slow down innovation? Second, can innovation be impacted by the 

distribution of patents amongst firms, as by the number of patents? Let us follow 

an abstract example here for this second question. 1000 related patents implies 1000 

license-permissions to be obtained by the 1001'th potential patentee, irrespective of 

whether the 1000 patents are owned by one firm or by 1000 different firms. The 

ownership of the patents would matter in two ways. First, the greater the number of 

independent patent holders holding critical patents that apply to a single product, the 

greater the mark-up on the actual cost of the product''. However, most importantly, if 

'cross-licenses' or 'cooperative patent pooLs' are a sohition to developing innovations 

in the presence of overlapping patents, then concentration of patents amongst few 

^See Appendix I for examples of monetary awards involved in patent-litigation cases. 
^This is somewhat in the spirit of 'double marginaUzation' through horizontal upstream firms. 

See Appendix II, for a technical analysis of this statement, borrowed from Shapiro(2001). 
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firms will likely lower the chances of such solutions developing. This is because the 

firm wit h a disproportionately large number of patents may not want to cross-license 

with a firm that has relatively lesser number of patents to offer in return"'. Therefore, 

assuming that patents are here to stay, distribution of patents has significance for the 

development of the industry structure too. 

In a step towards answering these two questions related to the big poHcy concern, 

this paper asks what are the main determinants of the recent surge in patenting in the 

pure software industry - R&D or the institutional change regarding the intellectual 

protection of the output of R&D? Additionally, I analyze the pattern of patenting, and 

find that there is great heterogeneity in the patenting behavior of firms. A nimiber 

of software firms patent prolifically while others do not patent at all (Fig. 2.2). Thus 

a secondary question that is addressed is: What can explain the relatively bimodal 

distribution of patents in the industry? 

The increase in patenting activity in the software industry should not be viewed 

in isolation from patenting in other industries. Indeed, over the last two decades all 

industries in general have patented more than they have historically patented (Fig. 

2.3). However, the spurt in patenting in software industry warrants special attention, 

for at least two reasons. First, most importantly, the increase in patenting in an 

industry marked by cumulativeness in research, has strong poHcy impUcations as 

outlined above. Second, the remarkable increase in the number of software patents 

^Anecdotal evidence of patent portfolio swaps abound. Also, firms may try to license out an 
entire portfolio rather than piece-by-piece licenses. This sometimes occurs to the detriment of the 
firm trying to buy the Ucenses, since it is 'coaxed' into buying licenses on some patents that it may 
not even need. For example, in 1998, Intel swapped a patent portfolio with a company named S3. 
While S3 gained access to much of what it needed, Intel received little of S3's core technology, since 
a large amount of that technology was unpatentable, and was kept by S3 as sheer know-how/trade 
secret. What Intel did get, however, was access to some key patents which S3 had just some time 
back bought from another company, and to which Intel had been wanting to gain access. Thus not 
everything in a patent-portfolio may be useful, yet firms may have no option but to buy the entire 
portfolio. (source:http://www.eetimes.com/semi/news/OEG19981218S0021) 

http://www.eetimes.com/semi/news/OEG19981218S0021
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does not coincide with the surge in other patents. Thus while it is well-documented 

that the total number of patents issued in the United States grew rapidly from the 

early 1980s, the noticeable growth in software patents does not start until the early 

1990s. The latter is the period when the patent courts finally granted a 'patentable 

subject matter' status to software. Clearly, the forces initiating and then propelling 

the growth in general patenting and that in software patenting are not the same. In 

the least, the two sets of forces axe temporally distinct. 

This study utiUzes a firm-level self-compiled data set, on pure software firms for 

the period 1986-2001. The pure software industry is defined here to consist of firms 

whose primary source of revenue is the sale of software products or services. Thus 

this excludes fixms which make (and patent) software during the course of producing 

some hardware which is their main source of revenue. To accommodate the fact that 

a large number of software firms do not own any patents, I model a firm's patenting 

decision as a 2-stage decision. In the first-stage the firm decides whether to patent 

or not, and in the second stage firms that decide positively on patenting, decide on 

the number of patents to apply for each year. The first-stage thus involves the entire 

sample of firms, while the second step uses only the firms with non-zero number of 

patents. 

I find that the main determinants of patenting in this industry are size of the firm, 

and the pro-patent-legal regime. The importance of size over R&D is corroborated by 

the fact that firms with zero patents had almost the same R&D intensity as the firms 

that patented (approximately 16% of sales), though their average size in terms of sales 

or employment was half that of those firms that patented. In fact quite mil ike other 

studies on the impact of scale effects on patenting, I find that the relationship between 

size of the firm and the number of patents it obtains is convex, not concave for the 
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relevant range of firm-size. Thus though the elasticity of patenting with respect to 

size is less than one, and positive, it increases with size at an increasing rate. This 

is consistent with the build-up of patent portfolios by large firms, in the cumulative 

technology enviroimient of software development. 

Even though it is beyond the scope of this study to make a formal investigation of 

what the patent holders are doing with their patents, the analysis of patenting trends 

undertaken here are suggestive of the fact that those firms that engage in patenting, 

do so very actively. Quite possibly these firms are building 'patent pools' to be able to 

cut through relevant 'patent thickets'. However to answer whether these patent pools 

are stifling innovation, the existence of a large number of software firms with zero 

patents points to the fact that as of now, survival in the industry is not contingent 

on patent pools alone. (Additionally, the data so far suggests that entry of new firms 

has not been per se deterred by increasing patents.) Thus while results suggest that 

patent-build up has not impacted the industry structure as yet, it cannot be said 

if this wiU hold true eventually. This is because the changes in the patent-regime 

are a relatively new phenomenon, and concentration of patents with large firms, has 

the potential of large patent holders negotiating licenses amongst themselves, to the 

exclusion of potential entrants. 

The remainder of this paper is organized as follows. In Section 2.2,1 present a brief 

review of relevant hterature. Section 2.3 dehneates the definition and legal history 

of software patents. In Section 2.4, I explain the model and various hypotheses that 

can be considered as plausible explanations for the increase in software patents. Sec

tion 2.5 discusses the econometric analysis of the model and possible interpretations. 

Section 2.6 presents the conclusions of the paper. 
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2.2 Literature Review 

The theoretical literature on the role and impact of patent protection when innovation 

is cumulative (Scotchmer, 1991; O'Donoghue, 1998) typically concentrates on the in

centives for R&D in the presence of patent protection. Such a hterature predicts that 

increased patenting in such industries will be accompanied by depressed incentives 

to undertake R&D. Bessen and Hunt (2003) corroborate this prediction empirically 

in the context of all software patents. They look at software patents granted to all 

manufacturing and non-manufacturing industries and establish that lowered patent

ing standards for software have led to a build-up of patent thickets and reduced R&D. 

While their study analyzes why even firms that do not primarily produce software, 

patent software, this study investigates why even firms involved in producing only 

software display vastly difiierent disposition to patenting. Thus in a way this study 

complements the current trend in empirical studies on software patents. Ziedonis 

and Hall (2001) analyzed the patenting trends in the semiconductor industry. It is 

interesting that despite differences in the nature of the product that two industries 

sell, there are similar patenting trends. Semi-conductors are tangible products and 

the industry is accordingly capital-intensive, whereas software industry is marked by 

'low physical capital-intensity and high human capital-intensity' (Mowery, 1996). In 

semi-conductors it is foimd that patenting is most aggressively piirsued by firms with 

a high intensity of property, plant and equipment, in order to avoid a 'hold-up' threat. 

The 'hold-up' threat is the threat that an external patent owner can deny access to 

its patented and crucial technology. I find that even though large software firms do 

not own the traditional 'plant and equipments' they do patent aggressively. Quite 

possibly the 'hold-up' threat is encouraging patenting for defensive reasons. Inves
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tigating the increase in general patenting ia the United States, Kortum and Lerner 

(1999)(KL from now on), test some hypotheses to account for this increase. Using 

international patent data KL infer that better management of available resources, in

cluding that of R&D expenditures, has resulted in an increase in productivity of each 

R&D dollar, this in turn accounting for increase in patent generation. They ehminate 

their 'friendly-court hypothesis'(FCH) or the hypothesis that increased patenting is 

largely driven by changes in the legal environment for patent holders, by noting that 

patenting by U.S. inventors has increased globally, and is not just concentrated in the 

U.S. I counter this argument further in the section where I deal with hypotheses on 

patenting. 

The empirical investigation in this paper is based on the literatiue on innovation, 

patent statistics and R&D in general. Pakes and Griliches (1980) for the first time 

used patent data to measure the extent to which patents can be considered 'good' 

indicators of inventive activity. They introduced the concept of patent production 

function. However it was the Hausman, HaU and Griliches (1984) paper in which the 

'count' nature of patents was fully nurtured and special econometric techniques for 

the same explored, though AUison and Waterman (2001) have recently shown that 

the Negative Binomial fixed effects method demonstrated by Hausman et al (1984) 

is not a true fixed effects method. 

2.3 Software Patents: Definition and Legal Background 

2.3.1 Definition of Software Patents 

Analysis of software patents poses a unique challenge since software patent data is dif

ficult to compile. This is because of the very elementary yet very important problem 
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of identifying a software patent. However even before we begin to ask what a software 

pateixt is, we need to give a convincing definition of software. Most simply put soft

ware is a computer-language based code that executes an algorithm. Karjala (1998) 

observes that software patents may fall under 2 basic types; 'pure' software patents 

claiming improvements in programming or inventions that are embodied wholly in a 

program, and 'computer related' inventions in which the claim is for a machine or a 

process that happens to use a computer program. Identifying software patents is thus 

a very technical proposition. In addition, patent claims are rather ambiguous for rea

sons that we shall better understand as we go through the rather convoluted history 

of software patents, marked by dispute over even whether software is patentable at 

aU or not. Given the above difficulties my choice of firms allows me to collect data on 

pure software patents only. I use a two step process for collecting data on software 

patents. In the first step I identify the pure software firms with the help of SIC codes. 

In the second step I match these firms with their patent profiles. The details of the 

data are explored in Section 2.5. 

The pure software industry is defined here to consist of firms whose primary source 

of revenue is sale of software products or services. These are firms which sell system 

software or apphcations software. The former is required for almost every computer 

and can be categorized into operating systems, utilities software i.e. development 

tools for writing, structuring and maintaining other software programs and database 

management systems. The latter includes pre-packaged software which is used to 

carry out certain desired computer fmctions®. It does not include firmware producers, 

or firms which make software that enables automated products to operate, because 

typically 'firmware' or 'micro-programs' are internally-developed by firms whose main 

^This classification of software firms according to the different softwares they produce, is based 
on a discussion in 'Software Industry Accounting', pp.9-11, by Joseph.M.Morris, 1993ed. 
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line of business is hardware not software. Two main points are worth pointing out. 

First, almost 90-92% of software patents axe awarded to firms classified above as 

'firmware' producers, and are thus not the firms in our study. Second, the choice of 

the firms in this study was motivated purely by empirical concerns. In order to be 

able to correlate a firm's R&D expenditure with its software patent profile, I could 

not include firms which allegedly obtain a lot of software patents, but which cannot 

be classified as software firms. The reason being that for such firms it is not clear 

how much of their resources, like R&D, employment etc. are dedicated to producing 

software patents. The point to note is that even though the patents in our study 

are a small proportion of the total number of software patents, the trends in their 

movements are very similar to trends in the movement of all software patents. 

2.3.2 Legal Background to Software Patents 

A patent is a monopoly right granted by the society to an inventor. The rationale is 

to compensate the inventor for the time and effort s/he expends in bringing forth a 

novel invention that the society benefits fi:om. Clearly then, the presence or absence 

of patenting in an industry must be studied in the context of whether such rights 

exist (ed) in that industry or not? Such a question would not be as pertinent for 

any other industry as software. Indeed the importance of software patents can be 

best understood by looking at the historical course that the issue of patentability 

of software has taken. This can trace its origins back to 1972 when in Gottschalk 

vs. Benson, the Supreme Court made it clear that mathematical algorithms are un

patentable subject matter not falling under Sec. 101 of the United States Patent Act®. 

® Patentability under Section 101 requires that, the invention being patented be, novel, not obvious 
and is capable of industrial/useful application. 
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Thus throughout the 1970s the courts generally rejected software patent appUcations 

because software was considered nothing more than a 'concatenation of algorithms'. 

Copyright protection was chosen as the form of intellectual property protection. The 

reason was that software programs at the outset are 'works of authorship', and render 

themselves vulnerable to cheap and easy ways of literal copying. Hence if a 'copy-right' 

was not instituted for computer programs, direct, ditto 'copying' of software would 

be legal and that would discourage the creation of new software programs. However, 

to the extent that patents protect an entire idea as opposed to an expression of it, 

firms did not resist from trying to patent software even if it was done ambiguously. 

Thus most software began to be patented with claims on new machine or process 

where the usage of computer application was the only aspect of novelty. 

In 1981, in Diamond vs Diehr, the court upheld the patent on a process that con

tinuously monitored the temperature inside a synthetic rubber mold, using a computer 

and the familiar Arrhenius equation for measuring cure time as a function of temper-

atme and other variables. Essentially the Diehr decision is perceived as an 'unsaid 

approval to software patenting, as long as the applicant pretended to be patenting 

something else entirely''^. (Thus the only requirement for patentability seemed to be 

some association of the software with a physical machine/product. To that extent it 

will not be out of place to mention that any simple patent count of software patents 

made for this period may suffer from tinderestimation, because of largely concealed 

software patents of that time.) The point to note is that so long even though the 

aim is to patent software, the 'claim' is written in terms of a machine that rims with 

a computer program. It is thus that the increase in patents held by pure software 

firms did not show up until much later. In 1994 the Federal Circuit decided the case 

Cohen and Lemley(2001). 
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called In re Alappat® in which it made it possible for apphcants to define their claims 

in terms of a computer program implemented on a machine. The reasoning was that 

any general purpose computer effectively becomes a special purpose computer once 

it is programmed to perform particular functions pursuant to instructions from a 

computer program. Thus the claim has shifted from that on a machine to that on a 

computer program attached to some hardware or machine on which to implement the 

program. Also in 1994, a software patent was enforced for the first time. Microsoft 

was found to have infringed upon a data compression patent held by Stac Electron

ics. Stac was awarded a damage of $120 rniUion. Claims on computer programs 

themselves, in contrast with those reading in programs implemented in a machine or 

a system, became weU-acknowledged only since 1995. In 1995 IBM appealed to the 

Federal Circuit against the USPTO's rejection of IBM's claim on 'computer programs 

embodied in a tangible medium, such as floppy diskettes'^. However even while the 

appeal was pending, the USPTO decided not to oppose the claim. Instead very soon 

the USPTO issued new examining guidehnes for software patents that directed ex

aminers in assessing such claims^''. IBM's decision to appeal the USPTO's rejection 

of the patent itself is indicative of the fact that industry players had begun to as

sert and claim software patents even before the USPTO formally embraced software's 

patentability. Thus while it can be considered that the firms' patenting behavior may 

have influenced the USPTO's decision on allowing patents on software, it will be seen 

that most industry players began to react more directly by aggressive patenting only 

once the USPTO issued its positive verdict on patentability of software. 

®S. McDonald(1998) 

®As reported in Cohen and Lemley (2001).The case is called In re Beaureguard case. 
^®USPTO Examination Guidelines for Computer Implemented Inventions, 61 Fed. Reg. 

7478,7479-80(Jan.l996) 
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It shoiild be pointed out that the changes in the courts' stance on software patents 

were preceded by generally 'pro-patent' changes in the U.S. legal environment. The 

establishment of the central appellate court, the Court of Appeals for the Federal 

Circuit in 1982, ushered in an era where the percentage of all patent infringement 

appeals upheld went up from 62% to 90% (Lerner, 1995). Subsequently there was 

the landmark patent case of Kodak vs. Polaroid in 1986. Kodak received a monetary 

punishment of $1 biUion, and was debarred from the instant-film camera business, for 

infringing on Polaroid's patent. Thus it was as though patent-law, and its enforce

ment, was being re-interpreted. Patentabihty of software was one such contentious 

issue, which received repeated attention through various cases highlighted above. To

day software patents are an accepted norm. 

2.4 Hypotheses and Model to Explain the Increase in Soft

ware Patenting 

2.4.1 The Hypotheses 

Scherer (1965) tests the responsiveness of patented output to the over-all pull of de

mand for patented goods. In an inter-industry cross-section analysis, from regressing 

the number of patents held by a firm on its sales in 1955, he concludes that 'pre

sumably, the greater the sales of a firm in any given market, the more incentive and 

resources the firm has to generate patentable inventions related to that market'. The 

'resources' that the firm has must mean that as the sales of the firm increase, a firm 

can direct more money towards 'generating' patentable inventions. This should im

ply that as sales increase, the research intensity of the firm must also increase. In 

this line of causation then, if patents were truly a function of research there should 
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be a concomitant increase in 'patentable inventions'. However, 'demand-push' alone 

cannot explain all differences in inter-industry patent trends. This is because an 

industry may have a large market, but relatively very little scope for technological 

advancement. For example, the toilet-paper industry sells a product whose market 

is typically large. However, this industry surely cannot claim great technological 

breakthroughs. Technological opportunities must exist for firms to invest R&D in, 

i.e. there has to be a 'technology-pull' too. Thus for the software industry it can be 

tested whether its increased sales have been accompanied by an increased perception 

of technological opportunity. Both of which should have led to an increased R&D 

intensity over time. However Bessen and Maskin (2001) point out that real R&D 

intensity has fallen steadily since aroimd 1982 for computer-related industries. Thus 

what we observe is a fall in R&D intensity in the same time-period during which the 

demand for software has increased. We therefore fail to accept the 'demand-push and 

technology-puir hypothesis. 

KL (1999) tested a 'Fertile-Technology-Hypothesis' or (FTH) which proposed that 

'better management of innovation, involving a shift to more applied activities' could 

have caused the general patent surge. After observing that patenting by U.S. inventors 

has increased globally, and is not just specific to the U.S., they conclude that it must 

be that the general research environment in the U.S. has become more technologically 

productive. Two issues emerge here in the context of software patents. First, the KL 

test for FTH (of looking at patents filed for, internationally, by U.S. inventors) is 

not valid for software, since the two main non-U.S. patenting destinations for U.S. 

patentors-Europe and Japan, have very stringent rules on software patents. Europe 

in fact has a very strong anti-software-patents lobby". Likewise, the Japanese PTC) is 

"In its plenary vote on the 24th of September,2003, the European Parliament approved the 
proposed directive on 'patentability of computer-implemented inventions' with amendments that 
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only just beginning to accept patent applications. Second, if the general technological 

environment for research has truly so developed, then why is there such a disparity in 

the patenting behavior of firms even within a narrowly defined industry? Ideally it can 

be believed that all firms in an industry face more or less the same set of technological 

opportunities. Then if technology was the only driving force behind patents, all firms 

should have exhibited increased patenting. We cannot therefore accept a pure FTH. 

However, while I reject a one-size fits-all technology boost hypothesis for aU firms, I 

will allow for the fact that some firms' perceptions of technological opportunity may 

vary from the others'. Thus I propose using firm specific effects in the estimations 

below. 

KL also suggested a 'Priendly-Court-Hypothesis' (FCH) which tests whether the 

increase in patenting is driven purely by pro-patent changes in the legal environment 

for patent-holders. Like an all pervasive technological opportunity, a legal change 

should affect all firms within an industry equally. However to the extent that firms 

behave differently even under the same patent-regime, a closer look can be given to 

how a legal change can alter the incentives to patent for different firms. A variant 

of the direct FCH, proposed by KL is the 'Regulatory-Capture-Hypothesis'(RCH), 

which proposes that the spurt in patenting in the U.S. is driven primarily by large and 

incumbent firms which could lobby for favorable changes to the patent-law. Zeidonis 

and Hall in the same vain proposed that increased patenting as a 'strategic response' 

by large (and capital-intensive) firms fearing 'hold-up' could have led to the patent 

spurt in the semi-conductor industry. In the econometric specifications below I will 

test for patenting differences in old vs. new (firms being pubhcly traded since 1994 

dearly restate the non-patentability of programming and business logic, and uphold freedom of 
publication and interoperation."source: http://swpat.fEi.org/journal/03/plen0924/index.en.html. 

http://swpat.fEi.org/journal/03/plen0924/index.en.html
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or later) firms. I will also test for the returns to scale in patenting. Given that there 

are vast differences in patenting behaviors of firms, we reject a simple application 

of FCH or FTH. We will fail to reject RCH if we find that year effects from 1994 

onwards are significant and large and old firms patent more than new and young 

firms. Alternatively, we will fail to reject the 'strategic response' hjrpothesis if only 

large firms patent more than all other firms, and the year effects from 1994 onwards 

are significant. 

2.4.2 The Model 

In the light of the legal changes about patentability of software, we present a model 

of patent production that can take this into account. There is a difference between 

estimating an innovation function, and estimating a patent production function. This 

difference arises from the fact that there is not a perfect (positive) correlation between 

irmovation and patenting. Many good innovations are not patented, and are kept 

either as copyrights or trade secrets. At the same time, a lot of trivial innovations 

may be patented. Conceivably then the determinants of innovation are not typically 

the same as those of patenting. While creating an innovation has a random or 'chance' 

element to it, patenting is a conscious attempt to create a property right, and thus 

it would be correct to think that patenting involves more strategy than innovating 

does. A firm will draw from the environment it is in to create a patent strategy. The 

patent law in place will be one such component of the enviromneiit that the firms are 

likely to react to. Ceteris Paribus, as the procedure for obtaining patents becomes 

cheaper for the firms the firms may patent more for two reasons: 1) the direct effect 

of lowered patenting costs, and 2) the indirect effect of a patent race (here, the 'race' 

is in the sense that firms will try and get as many patents on existing or trivial new 
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innovations, given that the patent system issues patents easily). Patenting behavior 

can then be estimated by considering the observable covariates of a firm and its 

environment and by allowing for unobserved firm-level heterogeneity. 

An empirical model is used to illustrate a firm's decision to patent. The firm's 

patenting decision in every period is assumed to be a two-part decision. In the first 

stage, the firm decides whether to patent or not. In the second stage, contingent on 

a positive decision in the first stage, the firm decides on the number of patents it 

will apply for (Fig. 2.4). The two-part patenting decision rule was motivated by the 

patenting trends in our industry of interest. Amongst the 216 firms in our sample, a 

total of 127 firms own no patents at aU. Apparently, not patenting is an important 

decision on its own. 

Each stage of the 2-part patenting decision will be a function of the size of the 

firm (measured in employment), regime change and age of the firm. Additionally, I 

will control for the firm-level individual effects. Thus controUing for observed and 

unobserved variations in the firms, the model will allow us to imderstand the extent 

of the impact of regime change as well as of scale, on patenting. 

In the first-stage, the firm is assumed to derive some value from creating patents 

on its inventions. Let be the expected value from patenting to firm 'i', from 

patents applied for in time't'. Then a firm decides to patent as long as it derives 

a positive expected value from patenting. We assume the unobserved to be a 

function of the firm's observed covariates, such that 

= jg'Xu + Ti'Bi + eu (la) 

where Xu is a vector of R&D, size and age of the firm, /? is a vector of coefficients, 

and Sit is a random error term, accounting for all the unobserved elements that may 
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impact the V^. In order to better explore why some firms do not patent at all, the 

Bi vector is also included in this step of the model. Bi will consist of information on 

the firm's business category defined here as the kind of software or services that a 

firm sells. The firm's business category, is expected to have an impact since not all 

software firms produce the same kind of software. Typically software which can be 

bought off the shelf, is hkely to be more generic in its features, and may thus have 

relatively little specialization. Thus if patenting is truly representative of innovation, 

then such a software firm will have less incentive to patent compared to a firm that 

produces customized software. I will categorize firms into 3 business categories, which 

I explain in the section on description of variables used. 

We do not observe the value from the decision to patent or not, only the decision. 

More precisely, let Yn be the 'i'th firm's decision to patent or not, in time-period't'. 

In a discrete choice model set up, we can say that if a firm decides to patent then 

= 1 else Yit = 0. Thus, Ya = 1 if > 0 and Yu = 0 if Fjj < 0 

Given this decision rule, and assuming a probability distribution on £jt,we can 
write, 

Vxoh{Yit = 1) = ProK/3%t + Ti'Bi + Su > 0) 

= Pro6(e,i > -{P'Xit + Tr'^i)) (lb) 

We assume sa to be normally distributed. In the second-stage, the firms that decide 

to patent, now decide on the number of patents they want to create. Each such firm 

wants to maximize the value from maintaining a patent portfoho. The firm's value 

maximizing choice of patents implicitly defines the firm's patent supply as a function 

of its R&D expenditure and size of the firm. In addition, ceteris paribus, a firm will 

apply for a larger number of patents if the firm perceives that the patent laws in place 

are pro-patent, or that it is on an average easier to obtain patents in the new regime. 
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than in the old one. Consequently the patent supply curve of a firm will shift to the 

right. Gcnerically then, a firm's patent supply or the patent production function can 

be written as: 

Patu = f{Xu,T} (2a) 

where, Patu is the number of patents (successfully) applied for by firm 'i' in period 

't', Xit is the same as above, and 'T' is the legal regime in place, denoted here by 

year dummies. There are two issues worth addressing at this point, which are better 

suited for the section on econometric analysis, but to allow for a continuous clarity of 

the econometric model, I will mention here. One, can there be a possible endogeneity 

in the R&D? The concern is that firms that can successfully patent, may feel more 

encomaged to imdertake increased R&D. This is the classic endogeneity problem 

pointed out by Cohen (2001), that if indeed fixms reahzed that patents facilitated 

appropriabihty, then R&D would be a function of past patents. The patent spurt 

should have therefore led to an equivalent or at least proportional increase in R&D 

expenditures. However Bessen and Hunt (2003) point out that 'software patenting 

has substituted rather than promoting R&D'. In fact the rate of growth of R&D has 

very often lagged behind the rate of growth of patents held by the firms, even in my 

sample. The second issue is the choice of a 'scale' variable. Indeed 'employment' and 

'sales' have been considered as scale factors interchangeably in the past studies. The 

concern against 'employment' is that it is sensitive to factor-proportions. However, 

as has been said before, given that software industry has consistently been a human-

capital intensive industry, I am using employment to imply size of the firm. 
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2.5 Data and Econometric Analysis 

2.5,1 Data (and the Variables Used) 

Data for the analysis is compiled by a 2-step process. In the first step, pure software 

firms are identified. In the second-stage firm-level data from Compustat is matched 

with patent-data from the USPTO web-site^^. The identification of pure software 

firms is based on a dual criterion. One, the SIC codes, and second Msting of a firm 

as a software firm in the finance section of Yahoo!. The SIC codes are based on 

Steinmueller's (1996) classification of firms under SIC 7372, 7379 and 7373 as pure 

software firms^^. Finally I get an unbalanced panel consisting of 216 software firms. 

The time period covered is 1986-2001. Together these firms own 3752 patents applied 

for in this time-period. The choice of the time period was based on the fact that the 

legal regime which can be said to have most affected the software industry does not 

completely develop imtil the early 1990s (more precisely until 1994), and thus to be 

able to capttire the pre and post legal regime effects I selected a data set that could 

give me enough observations for both periods^ Both the sources of data that I use 

categorize firms into industries based on their primary line of business. Therefore, as 

was pointed out in the introduction, I did not include firms like AT&T, IBM and Texas 

Instruments, which 'technically' own a lot of software patents, but whose primary 

line of business is not 'software'. I do so because it is not easy to parse out R&D 

expenditures of such firms into those for software and non-software projects. It is thus 

that I rc-iterate that the current analysis is not about all software patents, as much 

^^These are all utility-patents. 
cross-referred my SIC lists with Yahoo! Finance(www.yahoo.com), which lists publicly traded 

firms under 12 sectors and further into 'industries'. One such industry under the sector 'Technology' 
is 'Software Programming'. See Appendix III at the end of this chapter for a detailed description of 
the three SIC codes. 

^^See Appendix IV for the distribution of number of observations. 

http://www.yahoo.com
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as it is about patenting by pure software firms. Does this mean that I am keeping out 

'aggressive' patentees and ex-ante ruling out 'regulatory capture' by big companies? 

No, because my sample does include large 'pure software' firms like Microsoft and 

Oracle, with large number of software patents. I do admit to some sample selection, 

since all the companies in the sample are pubhc companies and, therefore by default 

there is a lower bound to the size of the firm in the sample. The patent data may also 

suffer from some kind of 'under-count' as firms patent under difi^erent names, and I 

cannot authoritatively say that I succeeded in extracting information on the patents 

owned by firms under all their names. 

Data on business-categories of firms had to be created, since no ready-made cat

egorization of firms was available. For this, I used the year 2002 version of the hst 

of top 500 software selling firms released annually by Softwaremag.com-a software 

magazine. This list describes the software of each firm as being in 1 of 29 possible 

categories. Since the 29 categories are fairly technical and not easy to understand I 

re-grouped the 29 categories into 4 broad categories. Unfortunately, only 106 of the 

firms in my sample belonged to the top 500 firms' list. This is primarily because a lot 

of the firms in the Magazine's list were hardware firms too, like IBM and Compaq. 

Also another large number of firms were private firms, and my original sample of 

firms only includes publicly-traded firms. (See Appendix V for a brief description of 

the business-categories). 

Description of Variables: 

Patent Count (PAT): This is the nimiber of patents successfully appMed for by a 

U.S. firm each year. Thus the patents are by 'application date' as opposed to 'issue 

date'. Application date was chosen because the application decision is more directly 

a function of the firm's strategic and other concerns, than the patent grant which 
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involves a time-lag which is not under the control of the firm anyway. I excluded 

foreign firms because their patent propensities wiU be functions of their domestic 

institutional set up and I do not have enough tools to control for those institutions. 

R&D Expenditures (LOGRD); R&D expenditure is a typical input into the process 

of invention and thus a determinant of patent production. Log of R&D expenditure, 

in millions of United States Dollars, is used in levels. I could explore a lag structure on 

R&D but two facts prevent me from doing so. First, the literature so far, is undecided 

on any particular lag format, and in fact the sum of the coefficients of lags has often 

been found to be equal to coefficients on contemporaneous R&D. Second, many firms 

in my sample have very small R&D histories, and so to avoid any imdue loss of data 

points I have restricted my model to using contemporary R&D. To purge the scale 

effects inherent in R&D, and to be able to capture the pure R&D effects, log of R&D 

intensity is used wherever separate scale variables axe also used in the regressions. 

R&D intensity is defined as R&D dollars per employee. 

Log of Employment (LOGEMP): Log of employment, in thousands, is used as a 

proxy for the firm size. 

New Firms Control Variable (NEW): A dummy for aU firms that appear in the 

data set after 1994. Thus the variable takes a value of 1, for all the firms that appear 

for the first time in the data set in 1995 or after, and a value of 0 otherwise. There 

are 130 such firms. 

Microsoft Dummy (MS) : Microsoft is clearly far more aggressive in patenting than 

other software firms. Out of a total of 3752 patents in the sample 2307 patents are 

owned by Microsoft. I control for MS by using a dummy variable that takes the value 

1 for observations corresponding to Microsoft, otherwise it is 0. 

Annual Time Dummies (1987-2001): Regime-change is noted through differences 
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in the coefficients of successive time-dummies. Almost 87% of the patents in the 

sample were issued after the Bureaugard case of 1995. 

In Table 2.1, I present the summary statistics of the data used in the basic regres

sions. I present the statistics with and without Microsoft. On average a software firm 

(which is not Microsoft) applied for 0.62 successful patents per year. The median firm 

apphes for 0 patents though, representing the fact that the distribution of patents is 

skewed and bi-modal. The standard deviation of the statistics is large for the same 

reason. 

2.5.2 Econometric Specification 

Recall that the first-stage of the model, defines patenting decision (Yjt) as a binary 

choice variable, that takes a 0 or 1 value, in each period. With a normality assumption 

on the error term {sit) in the value function, we can then use a probit estimation. 

The general specification of the Probit model is as follows: 

Where $ is the commonly used notation for standard normal distribution. To 

exploit the panel nature of the data, we can use fixed or random effects. However, 

there is a limitation in the techniques available for estimation of fixed effects probit. 

Conditional as well as unconditional fixed-effects probit drop out groups for which 

there is no variation in the left hand side variable. This means that all the firms 

which have 0 patents all throughout are not a part of the estimation sample. Since 

our median firm has no patents, we would like to be able to use data on firms with 

zero patents. We therefore use the random effects probit. 

(Ic) 
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The 2nd stage of the patenting decision model involves estimating a patent pro

duction function for those firms that have at any point in time decided to patent, and 

thus have a non-zero positive count for patents over the time-period considered. In 

my sample, 89 firms have at least 1 patent^®. The concept of the patent production 

function was introduced by Pakes and Grihches (1980) who related patent count to 

lags of R&D using a log-log Ordinary Least Squares. However siace then, count data 

techniques have been applied to such estimation. The niunber of successful patent 

apphcations made by a firm is a discrete count variable with many zeroes and ones. 

The most commonly suggested distribution for the patent data is the Poisson. Taking 

the explanatory variables in log-form, and the poisson mean, we can assmne that the 

expected number of patents applied for by a firm in a given year is generated by the 

following technology where the firm's R&D expenditure, other characteristics, and 

the legal regime, are the inputs: 

E[Patit\Xit\ = (Xit (2b) 

where In an = XuP + Tt'Ji- Here i denotes a firm, and t the year, is i'th firm's 

expected number of patents in year t, given , Tt is the set of year dummies, 7^ is the 

'year-elfect' or the 'regime-effect' common to all firms, and t = 1986, 1987,... ,2001. 

The specification mentioned above allows us to derive elasticity interpretations of the 

coefficients. 

The greatest problem with the Poisson is that it forces the first and second mo

ments of the distribution to be equal. This is a rather unrealistic assumption in all 

Traditional models of excess zeroes and sample selection, were not used here since the zero patent 
in the sample is an unambiguous zero, and does not refer to an unobserved variable. Moreover a 
simple Heckitt kind of approach did not appear to make a lot of difference in the results. The results 
of such an approach can be provided upon request. 
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practical problems, as 'overdispersion' is not imcommon in the panel data of the type 

I am using. However, Gourieroux, Montfort and Trognon (1984), prove that estimates 

are consistent if the mean expression is correct irrespective of the distributional as

sumption. To allow for overdispersion we can make corrections to the standard error. 

This I will call the base specification. Hausrnan, Hall and Griliches (1984) account 

for overdispersion, as well as firm-level heterogeneity, and use the Negative Binomial 

Specification. To choose from a fixed effects and a random effects model, I carry 

out the Hausman test, and reject the fixed effects modeP®. (Moreover, AUison(2002) 

pointed out that HHG fixed effects is not a true fixed effects). Rejection of fixed 

effects is not very counter-intuitive since after controUing for observed covariates of 

the firm, like R&D, size and age it can be considered that the firm-level effects are 

relatively random. We can decompose the growth in expected number of patents into 

growth due to changes in firm characteristics and a residual growth rate, which can 

be interpreted as a change in the legal environment of patenting. Therefore: 

A In au = l3{Xit - Xu-i) (7^ - 7t_i) (2c) 

The results of the base specification as well as the random effects negative binomial 

are presented in the tables below, while time-effects are presented in the graphs 

subsequently. 

^®Moreover, since we used the Random Effects in the first step estimations, it would not be 
consistent to use Fixed Effects here. However, I did carry out the Fixed Effects estimation, and the 
results are qualitatively the same. The results can be provided by the author upon request. 
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2.5.3 Analysis 

The probit estimations for the first stage of the model, were carried out for two data 

sets. First, the entire sample was used, results for which are given in Table 2.2. 

The unit of analysis is a firm year. In column 1 we see that, as expected, the R&D 

coefficient has a significant positive impact on the patenting decision. Also the time 

diunmy coefficients are positive and significant since 1993. The predictive accuracy 

of the model is 83.4%. In column 2 natural log of R&D intensity is used along with 

the natural log of employment and a new firm dummy. The R&D intensity variable is 

positive but insignificant, while the size variable is now both significant and positive. 

This implies that much of the R&D impact on the decision to patent was operating 

through its sheer scale, i.e. the larger the firms, larger their R&D layouts and thus 

greater the intention to patent. The new firm dummy is negative, though insignificant. 

The time dummies exhibit the same trend as before. The predictive accuracy of the 

fit is marginally better than before and goes up to 83.7%. 

While these two sets of estimates clearly indicate that regime plays an important 

role in the decision to patent, we can see that the decision to patent is also greatly a 

function of the size of the firm. New firms do not necessarily patent more than the 

incumbent firms. However, even with these estimates we cannot say why some firms 

do not patent. It is to explore this 'not-patenting' phenomenon, that I introduced 

business-categories. As pointed out, it was not possible to get business-category 

data for all 216 firms. Thus the 2nd set of probit estimations was carried out for 

'categorised' data only. This reduced our sample from 1719 observations to 844 

observations (106 firms). To regain some degrees of freedom lost due to a drop in 

the number of observations, in these estimations a time variable was used instead 
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of annual time dummies. This also allows us to use an R&D and time interaction 

variable, while simiiltaneously controlling for time, which allows us to see the net 

potency of R&D over time. The results of this estimation are presented in Table 2.3. 

We see that while R&D is significant and positive, its contribution to the patenting 

decision has declined over time, as indicated by the negative and significant coefficient 

on the interaction variable. Also of interest is the fact that Business Category 3 firms 

patent significantly less than the other firms. This is the category of firms which 

make software for the end-user, as opposed to for intermediate user. The Predictive 

Accuracy of the model is 80.4%. We must remember that this is an einalysis of the 

decision of a firm to patent or not. Thus we can see that while larger firms decide 

to patent more often than other firms as the significance of size variable throughout 

indicates, the tendency to patent is an increasing function of time, particularly post-

1993. Therefore in the new regime, larger firms' decision to patent has increased. I 

test for presence of firm-level heterogeneity, and find that the Likelihood Ratio test 

rejects a simple probit without any firm level heterogeneity in favor of the random 

effects probit. 

An exploration of the data reveals that an average (non-Microsoft) firm that 

patents has 647 employees compared to 356 employees in a non-patenting firm. Like

wise, while the former group spends an average of 19.73 million (1996) dollars, the 

latter spends 9.47 milMon (1996) doUars on R&D. What is striking about these sta

tistics is that firms with zero patents have almost the same R&D intensity (R&D to 

sales ratio) or (R&D to employment ratio) of 16% as firms which patent, establishing 

the role of firm size on the decision to patent. 

For the 2nd stage of the model, patent production functions were estimated 

for firms which had non-zero patents. This is a sample of 89 firms (763 observations). 
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Maximum Likelihood Estimation (MLE) is used throughout. In Table 2.4, I present 

the results of the various specifications of the model. Annual Time dummies are 

included in all specifications. For the Poisson estimates, the standard errors robust 

to heteroskedasticity and mis-specification of the distribution are reported. Column 

1 presents the resxilts of a simple Poisson with log of R&D. The elasticity of patenting 

with respect to R&D is 1.18, which decreases once the outUer-firm Microsoft (MS) 

is controlled for, as seen in colxmm 2. Then the elasticity of patenting with respect 

to R&D is 0.78, which is comparable to Zcidonis and Hall's finding of 0.98 for the 

semi-conductor industry. MS has a large and significant coefficient. The annual time 

dummies are significant and positive since 1994. 

In column 3, a more elaborate specification is used. R&D-intensity replaces 

simple R&D variable and additionally, log of employment and employment squared 

are introduced to capture the scale and the changes in returns to scale impact. Also 

the New firm dummy and the MS duiiuny are introduced. Two surprising results 

emerge. One, the R&D coefficient is almost negligible (an insignificant -0.0003). 

Second, the coefficient on employment squared is a significant 0.05. This latter result 

coupled with the significant and positive coefficient on employment, indicates that the 

patent and size relationship is not concave but convex. This contrasts with the scale 

effects established in other studies. In particular, Scherer(1965), finds that "patent 

outputs generally increase less than proportionately with increases in sales among 

corporations large enough to appear on Fortime's 500 list." Note, that our convexity 

relationship occurs even after controlling for MS (and even if the MS observations 

are dropped). In fact the results are robust to all estimation techniques, and will 

persist even in the Negative Binomial estimations below. The new firm dummy takes 

on a positive but insignificant coefficient. The time dummies are significant from 
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1994 onwards. In column 4,1 present the results of random effects negative binomial 

estimates (the Hausman test fails to reject the random effects, compared to fixed 

effects). The results are largely the same, except that the new firm coefficient is 

significant. However, here MS observations are not used. The regime effects are 

positive and significant throughout since 1994. Overall, then the results indicate that 

amongst pure software firms that patent, the number of patents will increase more 

than proportionately with increases in employment. Here it must be pointed out 

that the results are the same, even when sales are used as a size indicator, instead 

of employment. The results thus indicate that amongst the various determinant of 

patenting, size and regime play the most important role. Age of the firm does not 

seem to be very important. Specifically, a new firm vs. incumbent firm argument can 

not be made for the pure software firms. 

The time effects until 1998, are shown in Fig. 2.5. The figure plots the year 

dummies for the specifications in columns 3 and 4 of Table 3, relative to the year 1986. 

These estimates reveal that controlling for both inter-firm and intra-firm changes the 

rise in patent-propensity as a function of time clearly has an upward trend. The 

patent-propensity of the firms in the sample, increased at an average rate of 16% 

per year between 1994-1998. The time effects after 1998 show a drop ( Fig. 2.6 in 

Appendix VI). This is because of the fact that given that the average waiting time 

between appUcation and grant of a patent is usually 2 to 3 years, the data set does 

not include patents that may have been applied for in or after 1999, and have not 

been granted as yet (until January 2002—tlie last time when data for this version of 

the paper was updated). Thus post-1998 patents still in the pipeline do not show up 

in the data set. 

Analysis of patenting trends is incomplete without looking at the impact of 
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patent surge on the structure of the industry. Arora(1996) reports that patents and 

trade secrets were used by the chemical industry in the turn of the twentieth cen

tury to deter entry. The mechanism was to patent a host of chemicals in a research 

area, and thus create a patent wall. The competitors then found it very difficult to 

decipher a relationship between the commercialized chemical and the patented chem

icals. Likewise, Siwak and Purchtgott-Roth(1993) writing at the time when patents 

were still uncommon for software, state, 'although computer software is copyrighted 

this intellectual property often affords only limited protection from innovative imi

tators that produce similar but not identical products.' This they considered as one 

important 'factor' contributing to the 'US market structure appearing to have fa

vored development of new software firms'". By the same analogy then, prevalence of 

patents for software now should have retarded imitation, or building aroimd existing 

software, and deterred entry into the industry. However since the pro-software patent 

regime is still new, a thorough analysis in this direction may not be possible as yet. 

All the same, a preliminary investigation can be made. Example of one such analysis 

can be foimd in Appendix VII. 

2.6 Conclusion 

This paper identifies the contribution of pro-patent legal changes on the recent un

precedented increase in patenting in the software industry. SpecificaUy patenting 

is analyzed amongst firms whose primary source of revenue is sale of software and 

related services. Using a self-compiled data-set spanning the time-period from 1986-

Other factors being , 'the expansive demand for software relative to other high-technology goods', 
the basic American spirit of 'entrepreneurship' along with the advantage of Americans' understanding 
the 'all-important U.S. market' better than outsiders and the fact that 'product cycle time between 
product design and marketing is very short'. 
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2001, it is first established that patenting of software has particiilarly increased since 

1994-1995. These are also the years in which a regime-change for software intellectual 

property rights occurred. In particular, from being an un-patentable subject matter 

throughout the 1970's, 1980's and early 1990's, a series of court cases in 1994 and 

1995, led to the United States Patent and Trademark Office finally acknowledging, 

and thus issuing a set of guidelines for software patent appUcations. Therefore it is 

important to understand if the increase in patenting is an outcome of legal changes 

or technological opportunities available to the firms"'. 

The fact that a majority of the software firms in the sample did not own any 

patents indicates the fact that neither an all-pervasive 'technological opportunity' 

hypothesis nor a sweeping 'friendly court' hypothesis can explain the patenting be

havior of firms. To allow for differences in the firms' perceptions of technological 

opportunities, firm-level unobserved heterogeneity was controlled for by using a ran

dom effects model. I find that size of the firm, and the patent-regime, are the most 

important determinants of patenting in the software industry, suggestive of a 'strate

gic response' to a favorable policy-change by large firms (with Microsoft being the 

clear winner in the patent race). The impHed 'strategy' of the large firms being to 

build a large patent-portfolio, in the presence of cumulative technology where every 

commercialisable output is fikely to have multiple patent claims. The importance of 

size over R&D, is corroborated by the fact that firms with zero patents had almost the 

same R&D intensity as the firms that patented (approximately 16% of sales), though 

their average size in terms of sales or employment was half that of those firms that 

patented. In fact quite unlike other studies on the impac.t of scale effects on patent-

^®It is possible to take a different perspective on the same issues, and study how pro-patent changes 
have impacted the exploitation of technological opportunities. However that is not an issue being 
addressed here. 
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ing, I find that the relationship between size of the firm and the number of patents it 

obtains is convex, not concave. Thus though the elasticity of patenting with respect 

to size is less than one, and positive, it increases with size at an increasing rate. 

An important policy context for intellectual property rights in any industry is the 

incentives they provide for potential entrants. In this study, a prehminary econometric 

analysis, finds that even though there is no cleax pattern of increased patenting on the 

Mnes of new firms vs. incumbent firms, entry into the industry is currently not per se 

prohibited by the fact that large firms patent prolifically. This seems to suggest that 

the cmrent patent build-up is not being used to block competitors by active assertion 

of those rights against them, and is instead being used to be able to defend against a 

potential litigation by a competitor. The results do, however, suggest that the new 

patent regime has facilitated concentration of patents in the hands of large firms. 

Pohcy concerns are that such a concentration of property rights on intellectual assets 

in the presence of a cumulative technology can potentially lead to lowered incentives 

to undertake R&D and may well act a barrier to entry in the future, in an industry 

that thrives purely on knowledge and iimovation. 

While this study highhghts the trend that in the pro-patent regime, patenting 

in the software industry is largely a function of the size of the firm, not much can 

be commented upon the quality of the patents. Patent-citations are one commonly 

accepted approximate indicators of quality of patents. Bessen and Hunt (2003) find 

that on average software patents are cited more than non-software patents. An inter

esting sequel to my current study would be the analysis of what patent-holders are 

doing with their patents- cross-licensing or litigating? In the presence of strengthened 

patent-rights while cross-licenses imply a diffusion of technology, a phenomenon very 

crucial in a cumulative technology set-up, Utigation will imply a stifling of innovation. 



52 

Such an analysis can provide greater insight into how patent-pohcies must evolve with 

the evolution of technologies they seek to protect. 
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Figure 2.1: Software Patents issued by the United States Patent and Trade Mark Office 
(USPTO)-1970-1996. Source; Gregory Aharonian (founder of e-journal called Internet PAT 
news). 

Patents 

Figure 2.2: Distribution of Patents amongst the sampled (216) Firms-(1986-2001) 
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Figure 2.3: All Utility Patents Issued by the USPTO : 1984-2001; Source; USPTO 
(www.USPTO.gov). [The drop in the patents from 1998 is because of the fact that not 
all patents applied for in 1998 or after, had been granted till Jan. 2002, the last time when 
data for this paper was updated.] 
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Figure 2.J^: Schematic Representation of the 2-part decision of a Firm to patent. 

http://www.USPTO.gov
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Variable Mean Standard Median 
(Weighted over Deviation 
the group size) 

Max Min 

Patents 

R&D 
(in millions of 1996 

US dollars) 

Employment 
(in'000 employees) 

Sales (in millions of 
1996 US dollars) 

Group Size 

Patents 

R&D 
(in millions of 1996 

dollars) 

Employment 
(in'OOO employees) 

Sales (in millions of 
1996 US dollars) 

Group Size 

With Microsoft 

1.29 1.63 0 

24.948 

0.73 

155.21 

7.95 

0.62 

19.37 

0.65 

120.19 

7.92 

0.44 

117,24 

0.28 

39.71 

3,83 7 

Without Microsoft 

0,84 

13.13 

0,38 

0 

8,92 

0,27 

489 

19,28 8,92 4004,3 0,01 

47,6 

127 

1063,81 

43,8 

0.1 

23131.5 0.0009 

16 4 

0 

0.013 

0.1 

80.89 39.41 10146.4 0.0009 

3.80 16 

Table 2.1: Descriptive Statistics for the Sample on Software Firms; Number of firms 216 
(1719 observations) 1986-2001, earliest entry 1986, last entry 1998 



56 

Variable (1) (2) 

Log RcfeD or 
Log R&D per employee 
(in millions of 1996 U.S. 

0.44 
(0.06) 

10.0561 

0.0001 
(0.001) 
[0.0001] 

Log Firm Size 
(1000s employees) 

0.45 
(0.085) 
[0.054] 

Dummy for 
Post-1993 Entrants 
(New) 

-0.006 
0.2911 
[-0.006] 

Time Dummies Yes (Significant since 1993) Yes (Significant since 1993) 

Predictive Accuracy 
83.4% 83.7% 

Log-Likelihood -523.41 
-530.28 

1.Dependent variable is a binary variable that takes for each firm, each year, a value of 1 when 
firm has positive number of patent(s), and 0 if the number of patents that year is 0. 
2.Bold implies significant at p < 0.05 
3.Standard errors in parentheses and marginal effects in square-brackets. 

Table 2.2: Probit estimates for the first-stage of the 2 part-patenting decision model Sample: 
216 firms (1719 observations) 



Variable 
Random Effects Probit 
(Categorised data only) 

0.77 
Log R&D ' 

(in millions of 1996 U.S. $) [0 16] 

-0.03 
Log(R&D*Time) (0.014) 

[-0.007] 

0.05 
Time (0.05) 

[0.01] 

0.02 
(0.45) 
[0.004] 

Business Category 1 

-0.56 
Business Category 2 (0.36) 

[-0.11] 

-0.65 
Business Category 3 (0.32) 

[-0.13] 

Predictive Accuracy 80.4% 

Log-Likelihood -324.9362 

1.Dependent variable is a binary variable that takes for each firm, each year, a value of 1 when 
firm has positive number of patent(s), and 0 if the number of patents that year is 0. 
2,Bold implies significant at p < 0.05 
3.Standard errors in parentheses and marginal effects in square-brackets. 

Table 2.3: Probit estimates for the first-stage of the 2 part-patenting decision model 
Categorized Sample only; Sample: 106 firms (844 observations) 
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Variable 
Poisson 

(1) 
Poisson 

(2) 
Poisson 

(3) 

Random Effects 
Negative 
Binomial (4) 

Log R&D or 
Log R&D 
per employee 

1.18 
( 0 . 0 4 )  

0.78 
( 0 . 0 7 )  

-0.0003 
(0,00016) 

-0.00002 
(0.00018) 

Log of Employment 
(1000s employees) 

0 . 6 6  
( 0 . 4 1 )  

0.63 
(0.12) 

Log of Employment 
Squared 

0.05 
(0,023) 

0.13 
(0.05) 

Dummy for Post-
1993 Entrants 

0 . 3 0  
(0.21) 

0.53 
(0,31) 

MS Dummy 1.65 
( 0 . 2 7 )  

2.31 
(0.13 ) 

Time Dummies No 
Yes, Significant Yes, Significant Yes, Significant 
(since 1993) (since 1993) (since 1993) 

Log-Likelihood - 1 7 4 2 . 2 5  - 9 8 2 . 4 1 8 8  

1 .Dependent variable is number of successful patents applied for by a firm each year. 
2,Bold implies significant at p < 0.05 
3,Standard errors in parentheses, 
*** MS dummy was not added in the Negative-Binomial estimations since the inclusion of the 
MS dummy, along with all the other year dummies was lending multi-collinearity in the sample, 
and hence the estimation would break-down. 

Table 2.4: Patent Propensity Estimates from the 2nd-stage of the 2-part patenting decision 
model. Sample : 89 firms (863 observations) 
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Figure 2.5: Estimated Time-effects from the patent-propensity estimates(1987-1998) 
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2.A Appendix I 

The table below hsts monetary awards that companies have received because they 
were either victorious in an IP infringement lawsuit, or they negotiated a deal in the 
absence/presence of an infringement lawsuit. An example of the drug technology is 
shown for a comparison with the software technology. 

Amount Year Parties Legal Action Technology 
$453,000,000 2002 InterTrust <~ 

Sony, Philips 
Patent Buyout Software 

$275,000,000 2000 Caldera <~ 
Microsoft 

Settlement Software 

$200,000,000 1999 Univ. of 
California <~ 
Genentech 

Patent 
Settlement 

Drugs 

Source: http://www.patenting-art.com/economic/awards.htm 

2.A Appendix II 

Let there be N 'upstream' firms, i = 1,... ,N, each owning a patented technology 
which is crucially required for successful production of a downstream product. Let 
Cj be the cost to firm i for making the patented technology, and let each such firm 
sell/license the patented technology to the downstream firm for a price, p^. For 
simplicity, let us assume that the downstream firm is in a competitive maxket, and 
the product price will thus be the cost of producing/ 'assembling' the product. Let 
this cost consist of a fixed per unit cost of a, plus the cost incurred by the downstream 
producer in getting access to the N patents. Then p = product price = a + Pi
ll demand for the downstream product is D(p), the absolute value of the elasticity 
of demand is £ = —D'{p)p/D{p). If the N firms set their prices independently and 
non-cooperatively, the following apphes:-

Profit for each firm i : TT, = D{p)(pi — Ci) 
Adding up the first order conditions for profit maximization across all firms, we 

get: 
D{p)N + D'ip) ~ c,)= 0, which can be rewritten as: 

Ylf^i{pi—ci)/p — — Dip)N/(j>D'{p)).CMiveii that p — cn+Y^f^iPi, and the definition 
of elasticity of demand, we have: 

p-(c»+EiIi a) ^ N 
P £ 
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Thus the percentage mark-up over cost for the downstream product is N times 

the inverse of the elasticity of demand, and thus also N times the standard monopoly 

mark-up. 

2.A Appendix III 

Software firms can not be identified ofi' the shelf by looking at the Standard Industry 
Classification Codes (SIC ). This is because software development/consultancy etc. 
are enlisted under a variety of SIC codes. I classified those that would most likely 
describe firms that deal most with software production. As the Compustat data set 
describes: 

"The industry classification code is 4-digit system of classification that identifies 
a company's primary operations. Standard and Poor's Compustat assigns the code 
by analysing the sales breakdown from a company's lOK annual report. The assigned 
classification is reviewed each year when the company is updated by analyzing the 
product-line breakout in the lOK or annual report". The relevant SIC codes for my 
data come from Industry Group 737 ( or Computer Programming, Data Processing), 
and are: 

SIC code 7372 ( or Prepackaged Software): Establishments primarily engaged in 
the design, development, and production of prepackaged computer software. Impor
tant products of this industry include operating, utility, and applications programs. 
Establishments of this industry may also provide services such as preparation of soft
ware documentation for the user-instaUation of software for the user; and training 
the user in the use of the software. Establishments primarily engaged in providing 
preparation of computer software documentation and installation of software on a 
contract or fee basis are classified in Industry 7379, and those engaged in training 
users in the use of computer software are classified in Industry 8243. Establishments 
primarily engaged in buying and selling prepackaged computer software are classified 
in IVade; those providing custom computer programming services are classified in In
dustry 7371; and those developing custom computer integrated systems are classified 
in Industry 7373. More specifically. 

Applications software, computer prepackaged 
Computer software publishers, prepackaged 
Games, computer software: prepackaged 
Operating systems software, computer: prepackaged 
Software, computer: prepackaged 
Utility software, computer: prepackaged 
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SIC code 7373 (or Computer Integrated Systems Design): Establishments primar
ily engaged in developing or modifying computer software and packaging or bundling 
the software with piorchased computer hardware (computers and computer periph
eral equipment) to create and market an integrated system for specific application. 
Establishments in this industry must provide each of the following services: (1) the 
development or modification of the computer software; (2) the marketing of purchased 
computer hardware; and (3) involvement in all phases of systems development from 
design through installation. EstabUshments primarily engaged in selling computer 
hardware are classified in Wholesale Trade, Industry 5045, and Retail Trade, Indus
try 5734; and those manufacturing computers and computer peripheral equipment 
are classified in Manufacturing, Industry Group 357. 

Computer-aided design (CAD) systems services 
Computer-aided engineering (CAE) systems services 
Computer-aided manufacturing (CAM) systems services 
Local area network (LAN) systems integrators 
Network systems integration, computer 
Office automation, computer systems integration 
Systems integration, computer 
Turnkey vendors, computer systems 
Value-added resellers, computer systems 
SIC code7379 (had no observation in compustat) 
Industry Group 737: Computer Programming, Data Processing, And 
7379 Computer Related Services, Not Elsewhere Classified 
EstabUshments primarily engaged in supplying computer related services, not else

where classified. Computer consultants operating on a contract or fee basis are clas
sified in this industry. Establishments primarily engaged in producing prepackaged 
software are classified in Industry 7372; and those engaged in offering data process
ing courses or training in computer programming and in computer and computer 
peripheral equipment operation, repair, and maintenance are classified in Industry 
8243. 

Computer consiiltants 
Data base developers 
Data processing consultants 
Disk and diskette conversion services 
Disk and diskette recertification services 
Requirements analysis, computer hardware 
Tape recertification service 
SIC code 7371 (or Computer Programming Services): Establishments primarily en

gaged in providing computer programming services on a contract or fee basis. Estab
lishments of this industry perfonn a variety of additional services, such as computer 



software design and analysis; modifications of custom software; and training in 
iise of custom software. 

Applications software programming, custom 
Computer code authors 
Computer programming services 
Computer programs or systems software development, custom 
Computer software systems analysis and design, custom 
Computer software writers, free-lance 
Programming services, computer custom 

Software programming, custom 

2.A Appendix IV 

The following table shows total number of various group sizes in the sample: 

Starting Year 
Group Size 

Or Number of Years that the 
Data is available 

Number of Firms 

1986 16 24 
1987 15 5 
1988 14 2 
1989 13 3 
1990 12 4 
1991 11 10 
1992 10 9 
1993 9 11 
1994 8 18 
1995 7 28 
1996 6 32 
1997 5 34 
1998 4 36 
Total 216 

2.A Appendix V 

A brief description of the business-categories. (There is data for 106 firms only). 
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Business-Category 1: includes firms which produce software that is very basic 
to the functioning of the computer system. Such software could include databases, 
operating systems and other new age infrastructure components like web-servers. 
Example of a firm in this category is Oracle. 

Business-Category 2: includes firms which make software that aids software de
velopment. This is software that is used as an intermediate good. Example of a firm 
in this category is Starbase Corporation which makes software that other software 
development firms can use to automate their project requirements. 

Business-Category 3: includes firms which make software that is used by the 
consumer for use as a final product or by the Information Technology (IT) divisions of 
corporations for maintenance of their computer systems. This could include software 
that is used to make portable document files, or econometric software, etc. Example 
of a firm in this category is Tangram Enterprise Solutions which makes IT asset 
management software for corporations. 

Business-Category 4: includes firms that could not be classified into any of the 

above 3 categories but still had a mention as 'others'. Out of the 106 firms that I 

have category-data for, 14 are in category-1, 25 are in category-2, 47 are in category-3, 

and 20 are in category-4. 

2.A Appendix VI 

The following graph shows the estimated time-effects for 1987-2001: 

2.A Appendix VII 

Effect of Patent Surge on Entry into the Industry; Before we make an investigation 
of the causal relationship between the number of patents and the number of firms, 
we first need to note that it is possible that there is a common exogenous force 
affecting both these variables. In particular, venture capitalists would more readily 
finance ideas that have been patented than those that have not been patented. Thus 
the potential availability of venture capital would drive potential entrants to patent 
and this would eventually lead to number of (venture capital funded) firms to go 
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—•—Coeffs^Poisson) 

Coaffs(Negbin) 

Figure 2.6: Estimated Time-effects from the patent propensity estimates( 1987-2001) 

up, i.e. VC can drive up both the number of patents and the number of firms. We 
need an instrument for the increase in the nimiber of patents, such that it does not 
affect the number of firms. I propose using the patent-regime change of 1995, as the 
instrument. While we have shown in the previous section that patent regime has 
facilitated patenting by large firms, there is nothing about the regime that should in 
fact directly affect the number of firms in the market. The patent-regime then allows 
for variation in patenting that is exogenous to variations in the number of firms. The 
empirical model can thus be a 2-stage least-squares(2SLS): 

PatentSf = ckq + ai Re gime + St 3a 
Firmst — ^q + ̂ iPatents -j- 36 
Here for each year, the number of firms in the sample is regressed on the total 

number of patents for that year, after the 1st stage regression has been carried out. 
The rationale was to primarily see the sign (and significance) of the coefficient on 
the total number of patents in equation 3b. A positive sign on the coefficient should 
not necessarily mean that patents have in fact encouraged entry into the industry. 
However, a negative sign on the coefficient can be inferred as patents having dissuaded 
entry. The regression results are in Table 2.5. The positive coefficient allows us to 
say that the increase in the number of software patents has not deterred entry into 
the industry, and therefore I fail to accept the entry-dissuasion hypothesis. We can 
therefore rule out any per se prohibitive impact of software patents on entry into the 
software industry . However, given that the changes in patent-regime are relatively 
new, we still need to take these estimates as preliminary. As time unfolds, we will be 
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Independent Variable 
Dependent Variable 

Number of Firms 

Number of Patents 

Constant 

0.159 (0.018)* 

37.020 (6.50)* 

Number of Observations 14 

Table 2.5: Patents and Entry (2SLS Estimates) Sample; 1986-1999 

better able to answer this question. 
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Chapter 3 

PRODUCTION OF ENGINEERING DEGREES IN AMERICAN 

UNIVERSITIES: DOES R&D MATTER?^ 

3.1 Introduction 

The importance of understanding the production of engineers can never be overstated. 

Will there be sufficient stock of technical talent to sustain R&D led economic growth 

in an increasingly knowledge based economy? Even though annual additions to this 

stock of talent are a very modest percentage of the entire stock, it is an important 

source of fresh ideas much needed for technological advancement. While the stock of 

such talent involves a host of issues like retention, retirement, obsolescence, migration 

etc., annual increments to this stock, through newly minted degrees involves analysis 

of behavioral and economic patterns too. Besides a wide variety of literature, (Leslie 

and Oaxaca(1992) proAdde a very good review of this hterature) in which attempts 

have been made to explain and forecast engineering labor markets in the past, several 

concerns have been raised at the national level too. Statistics reveal a relative levehng 

off or slowdown in the production of engineers in the U.S., which contrasts with the 

increase in R&D expenditure, pointing to a tapering off in the demand for engineers, 

(Figs. 3.1 and 3.2). Another indicator of the relentless demand for engineers was 

pointed out by Goolsbcc (1998) who demonstrates that increased R&D expenditures 

^ Joint work with Dr.R.L.Oaxaca 
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lead to increased wages instead of increased effort, because the short-run supply 

responses of technical manpower arc small. The main coucem thus is that production 

of engineers in the U.S. must keep pace with the growing demand for them. 

This paper models the production of engineering degrees in American universities 

and colleges. In particular, engineering degrees produced at the three main degree 

levels (B.S., M.S. and Ph.D.) and four different engineering sub-fields are considered. 

Given that the research atmosphere in the U.S. is unique in its size and scope (the 

U.S. accounts for almost 46% of total R&D performed by all OECD countries, and 

has the most industrially diversified portfolio for R&D performance, in the same 

group of countries-NSF (2002)), we focus on the role of R&D in engineering supply 

responses. Every R&D expenditure has two aspects to it. There is a funding group 

and a performing group (source vs. sink). We track the impact of R&D by performing 

categories, rather than by funding categories. 

Traditionally the supply of new engineers is seen as a function of lagged freshmen 

em-olhnent in engineering. Hence emphasis has been on modeling and forecasting the 

same. Our model of supply of new engineers differs in its imderlying concept from 

other models of engineers supply in three main ways. First, we consider supply of 'fin

ished products' or quaUfied engineers as being distinct from supply of 'raw material' 

or the potential engineering freshmen. They axe related no doubt, the head count of 

former being determined largely by the head count of latter. Yet, while the decision to 

choose an engineering major is made at an individual level, the task of transforming 

aspiring engineering freshmen into degree holding engineers, involves the university 

too. In particular the money available to a university can affect the admission and also 

the final production of engineering graduates. While R&D is undoubtedly a demand 

variable, given that almost 32% of the science and engineering(S&E) R&D workforce 
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is made up of engineers, the largest category in the group , we realize that one kind 

of R&D also acts as an almost direct input to the process of producing engineers. 

Research performed by a university directly supports engineering students through 

assistantships etc. Thus as Goldman and Massey (2001) in the context of Ph.D's 

report an interview with a Professor of Physics, "You can't admit more than you can 

identify funding for". So motivated, we introduced the second distinguishing feature 

of our model. Unlike the standard hterature, we consider R&D disaggregated by the 

two main performing groups: Private and University (including colleges). We do not 

consider R&D performed by the Federal Government, since the share of Federally 

performed R&D is very small compared to that of Private performance R&D (Fig. 

3.3). The third main distinguishing feature of the model is the 'systems approach' 

to production of degrees. Specifically, degree production is considered as a system 

of related production activities. Use is made of the fact that one degree level is a 

pre-requisite for the next higher degree level. This, plus the fact that though differ

ent engineering sub-fields entail some speciahzation, engineering as a field also entails 

some common training, allows us to estimate a model of inter-dependent equations. 

We believe that this systems approach will be more informative than single equation 

estimation models because it better captures the dynamics of degree-production and 

the effects of common shocks. 

We find that industry performed R&D has a significant positive impact on all 

degree levels with the greatest impact on M.S. degrees (with elasticities of magnitudes 

ranging from 0.34 to 0.26) - the typical terminal degree-level for engineering education. 

Interestingly, xmiversity R&D has mixed impacts, with significant negative impact on 

three out of four engineering sub-fields at the M.S. level. These mixed results are 

quahtatively robust to the lag structure used on R&D. Also, cross degree effects 
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are present to varied extents amongst engineering sub-fields and degree-levels. As 

expected, foreign students' availability as an applicant pool for higher education has 

positive impact on the number of degrees produced at each level. We also generate 

dynamic simulations based on the estimated model, and find that degree-production 

is sensitive to changes in R&D pohcies. 

The paper now proceeds in five sections. In section 3.2, a hterature review is 

presented. In section 3.3, we discuss the econometric model and in Section 3.4, we 

present the data, estimation, and the results. In Section 3.5 we present some examples 

of possible dynamic policy simtilations, and we conclude with section 3.6. 

3.2 Literature Review 

Freeman(1976) used a cobweb model for estimating the supply and starting salary of 

new engineers. The rationale was that while the current supply of new engineers is de

pendent on the decision to study engineering, made at least 2 years in the past, current 

salary is dependent on market conditions. Consequently students, who committed to 

engineering looking at the then current salaries, may eventually face a totally different 

market and thus a different salary when they graduate. This allows for 'endogenous 

cyclic fluctuations', and thus a cobweb model. The final model with adaptive expec

tations on salaries is what Freeman terms the 'alternative job-opportunities model'. 

Here the decision to choose engineering depends on the interaction of forces creat

ing job-opportunities (R&D and durable goods output) and those depressing them 

(number of recent graduates). The entire equation can be estimated without 'direct' 

introduction of salaries in the model. It is also established that the determinants of 

engineering salaries, rather than salaries themselves, give a better fit to the enrollment 
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data. This sentiment is somewhat supportive of Romer (2000), who pointed out that 

most undergraduate, and a surprisingly large number of graduate institutions too, 

fail to provide prospective students with information on labor market outcomes for 

degree recipients. Such evidence on the relative dearth of direct economic informa

tion available to students at the point of deciding a major leaves room for inclusion 

of different possible factors in the supply models. Our model departs from here imder 

the assumption that students possibly respond not just to a imique factor, but to a 

mix of economic and non-economic factors, which include salaries and perceived Job 

opportimities in related fields of study, available funding for education and perhaps 

peer pressure (herd-behavior). 

Choice of any major, engineering included, involves a conscioirs decision on the 

part of the student, to invest time and other resources (money included) to one 

amongst many other available majors. However not all majors can be in the 'consid

eration set' of a student. What are the relevant choices for potential engineers? Rosen 

and Ryoo (1992) establish that business-related fields are probably the most compet

itive alternatives to engineering careers for new entrants. Since one of the goals of 

our paper is to analyze the links amongst different degree-levels, and amongst differ

ent sub-fields, we choose 'alternatives' according to the degree-level under consider

ation. More generally, we consider the engineering sub-fields as allowing for certain 

cross-mobility amongst themselves and therefore typically no other field besides the 

engineering sub-fields enters our model. An MBA degree, though, is allowed as an 

alternative to an engineering M.S. 

In contrast to most studies that focus on freshmen's choice of major as a determi

nant of supply, Eckstein et al.(1988), in analyzing the supply of electrical engineers 

in Israel, assign an active role to the university. In particular the imiversity optimizes 
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the quahty and quantity of engineers by setting an entrance exam and deciding on the 

muiiber of seats available for an incoming class. Students make their micro-level deci

sion to study engineering based on expected lifetime incomes, given earnings capacity 

and a distribution of ability to study. Both the students and the university respond 

to market conditions. In the context of American universities, while the concept of 

an entrance exam does not apply per se, we do think that the university implicitly 

influences the number of engineering degrees granted, through the research budget 

available to it. We therefore include distributed lags of R&D performed by univer

sities and colleges as a separate regressor in oiu: estimation. Goldman and Massy 

(2002), while modeling the production of Ph.D.'s at the department level, consider 

the total sponsored research generated by the department as a financial constraint on 

the utility maximization of the department. 

3.3 The Model 

Our model focuses on four sub-fields of engineering for which we have been able to 

obtain reasonably consistent data. These are chemical engineering (CM), civil engi

neering (CV), electrical engineering (EL) and mechanical engineering (MC)^ .Three 

degree-levels are considered- Bachelor's, Master's and Doctorate. 

We treat the model as a system of related production activities. Different sub-

fields and different degree levels are interconnected. The interconnections amongst 

different sub-fields are thus manifest through the potential applicant pool for each 

degree. Particularly, while the number of B.S. degrees produced is capped by the 

freshmen enrollment, the number of M.S. degrees is potentially capped by the number 

^See Figs. 3.4, 3.5 and 3.6 for the relative share of the four sub-fields in all engineering B.S, M.S. 
and Ph.D. degrees granted annually in the U.S. 
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of B.S. degrees produced, and the number of Ph.D. degrees produced is potentially 

capped by the number of M.S. degrees produced. We thus model the number of M.S. 

degrees as a function of the number of B.S. degrees in engineering, and the number 

of Ph.D. degrees as a function of the number of M.S. degrees in engineering. The 

respective appUcant pool for M.S. production and for Ph.D. production consist of 

degrees being produced not just in the four engineering sub-fields that we are closely 

monitoring, but also in 'other' engineering sub-fields, i.e. engineering sub-fields which 

are distinct from the four engineering sub-fields. Though, it must be mentioned here 

that the number of Ph.D. degrees produced in engineering is a very small proportion 

of the M.S. degrees produced, as M.S. is typically the terminal degree for engineering 

sub-fields . Still this should not imdermine the significance of the fact that most Ph.D. 

candidates wiU advance to that degree-status via an M.S. degree, and therefore the 

M.S. degree-holders form an independent part of the applicant pool for Ph.D. degrees. 

In addition to the domestic degrees being produced, foreign students also form an 

important source of applicants for higher degrees in engineering (as well as for most 

scientific fields). At the M.S. level, almost 35% of engineering degree recipients are 

foreign-born students with numbers sometimes even higher for particular engineering 

sub-fields (NSF, 2002). We therefore include the number of foreign students as a 

determinant of Bachelor's degree production and M.S. degree production. We do not 

control for the niunber of foreign students explicitly at the Doctoral level of degree 

production, because almost all foreign-bom Doctorate recipients also receive M.S. 

degrees in the course of their doctoral programs. They therefore get counted in the 

applicant pool for Ph.D. degrees once M.S. degrees are allowed as applicant pools 

for the Ph.D. level. There are foreign recipients of the B.S. degrees too. However, 

a majority of foreign-born students who pursue an M.S. in engineering receive their 
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B.S. training in their native countries and subsequently enter the graduate programs 

in the U.S. A large number of foreign students thus form an applicant pool for M.S. 

degrees, separate from B.S. degrees produced domestically. This can be seen in a very 

simple schematic representation (Fig. 3.7). In the figure the representative sub-field 

is electrical engineering. The lowermost rectangle in the picture represents all the 

applicants for B.S. degrees. These consist of students who axe U.S. bom as well as 

the foreign born. This freshmen enrollment can potentially major in any of the five 

kinds of engineering sub-fields that we have distinctly identified in our model, viz. 

CM, CV, EL MC and 'other' engineering B.S. degrees. These potential majors are 

represented by the five boxes in the 2nd row from the bottom. In the same row, 

there is a single box that lies outside the big box. This box represents those foreign 

students who earn their B.S. degrees in their native coimtries, and who then join 

the U.S. education system by getting admission in a graduate school, typically for a 

terminal M.S. or an integrated M.S and Ph.D. course. Thus this box has an arrow 

leading to our representative sub-field M.S. i.e. EL engineering M.S. Also all domestic 

B.S. degrees, from any engineering B.S. can become a potential applicant pool for the 

EL engineering M.S. Thus there is an arrow running fi:om each of the sub-fields in 

the B.S. row, to the EL engineering box in the M.S. row. AU engineering M.S. then 

become the potential applicant pool for the Ph.D. degree in EL engineering. This is 

represented by arrows running fi-om each of the M.S. sub-fields to the EL engineering 

box in the Ph.D. row. There is no separate foreign applicant box in the M.S. row 

linking to the Ph.D. level, because, as mentioned before, most foreign applicants for a 

graduate degree in the U.S. get admitted to either a terminal M.S. or a Ph.D. program 

that does grant an M.S. along the way. Such integrated M.S. degrees are separately 

counted by schools as the number of M.S. degrees granted by them each year, even 
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though the students continue towards the Ph.D. degree. 

Amongst the obvious market factors influencing degree production, salary is the 

most prominent one. Choice of starting salary or average life-time earnings as the 

economic variable is not clear. Models with both 'myopic' considerations, as well as 

'far-sighted' rational expectations exist. We use lags of starting salary as indicator of 

spot labor market conditions for newly minted degrees . Salaries of different majors 

and sub-fields are used at various points throughout the model. At aU three degree 

levels, own sub-field salary for that degree level, is used as an indicator of the economic 

incentive for obtaining that particular degree. Additionally salary is also used to 

capture the prospective alternatives to a degree. Thus for Bachelors', the degree level 

at which the groimd work for most engineering degrees is typically laid, we believe 

that students who choose engineering as a major self select themselves into engineering 

streams based on their innate ability and interest. Hence while choosing a major, their 

universe of majors almost completely consists of engineering majors. It is therefore 

supposed that the appropriate 'alternatives' to a particular engineering major are the 

other engineering majors , and so the average of the other three engineering sub-fields' 

salaries are used as economic indicators (opportunity) of alternative majors. At the 

Master's level, the two possible/plausible relevant 'alternatives' we consider are the 

options of staying with just a B.S. degree in that sub-field, or pursuing a Masters' in 

Business (MBA). We use salary earned by a Bachelor's in the same sub-field as well 

as starting salaries earned by MBAs, as relevant economic variables for the Master's 

degree equations. For the Doctoral level, the relevant opportunity cost variable is 

the starting salary of a M.S. trained engineer without a Doctorate degree in that 

sub-field. Distributed lags of disaggregated R&D are used as indicators of long-run 

opportunities in engineering fields. 



76 

The model we estimate finally is a semi-structural model. Degree specific nuances 

are modeled along with the sub-field specific inputs, like salary. For 4 engineering 

sub-fields and 3 degree levels in each, we estimate a 12 equation Vector Autoregressive 

Distributed Lag model. All variables are in natural logs. Representative equations, 

for the three degree-levels are: 

B.S.Equation for k'th sub-field: 

B.S.Degreek^t = ao,fc + Cij,kB.S.Degree j^t-2 + oi^,kB .S.Industry RkDt 

+ae^kB.S.UniversityRkDt -t- a-j^kB.S.Salaryk,t-2 + B.S.Salaryj^t-2)/^ 

+ag^kFreshmenEnrollmentt-4 -f ubk^t 

(3.1) 

where, 'k' — sub-field ( k -- 1 — CM, k -- 2 -- CV, k = 3 = EL or k — 1 — MC), and 

'j' = sub-field (j = 1 = CM, j = 2 = CV, j = 3 = ELorj = 4 = MC), and xihk,t = 

error term in the k'th B.S. equation. 

M.S.Equation for k'th sub-field: 

M.S.Degreek^t = f^o,k + l^2,k^-^-^T^dustryRhDt 

+P^kM.S.UniversityB.kDt + f3^,.M.S.Salaryk,t-2 + fi^^kB-S.Salaryk,t-2 (3-2) 

+/3fi^kM.B.A.Salaryt,^2 + Yfj=i T^i,kB.S.Degreej^t-2 + umk,t 

where, 'k' = sub-field ( k = 1 = CM, k = 2 = CV, k = 3 = ELork = 4 = MC), 

and 'j' = sub-field (j = 1 — CM, j — 2 = CV, j = 3 = EL, j — 4 — MC or j = 5 = 

other), and umfc^t_ — error term in the k'th M.S. equation. 

Ph.D.Equation for k'th sub-field : 
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Ph.D.Degreck^t = 7o,A; + 7i + 72 kPh.D.IndustryRk,Dt 

+73_fcP/i.£>.f/mfersrtyi?&:Dt + ̂  ̂ ^^Ph.D .Salaryk,t~2 + lh,k^-S-Salaryk,t-i 

+Ej=i ij,kM-S.Degree j^t~A + udk,t 

(3.3) 

where, 'k' = sub-field ( k = 1 = CM, k = 2 = CV, k = 3 = EL or k = 4 = MC), 

and 'j' = sub-field (j = 1 = CM, j = 2 = CV, j - 3 = EL, j = 4 = MC or j = 5 = 

other), and ud^ ^ — error term in the k'th Ph.D. equation. 

The lag structure in the model is mainly motivated by the average time (in years) 

between commitment to a major and completion of the degree. Thus, a two-period 

lag is allowed for most variables in the B.S. equations, under the assimiption that 

most mdergraduates commit to a major no later than their junior year. However, 

the fourth lag of freshmen enroUment is used to allow for the fact that the pool 

of engineering candidates comes from those admitted to college four years in the 

past. Likewise, a two-period lag is relevant for M.S. degrees and a four-period lag for 

Doctoral degrees. The Doctoral degree lag is chosen assuming that the median time 

spent in graduate school between the Baccalaureate degree and a Ph.D. degree in 

S&E fields is 6 years^, which implies that it takes four years from the time a Masters 

is completed to finish a Ph.D. The second-period lag of own salary is used to allow 

for the fact that a decision to finish, as opposed to start, a Ph.D. may be influenced 

by a mid-course evaluation of the monetary gains from completing a Ph.D. 

^"Reshaping the Graduate Education of Scientists and Engineers (1995)", Committee on Science, 
Engineering, and Public Policy (COSEPUP), National Research Council, pp.51-52 
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This allows us to address the phenomenon of attrition often observed in higher 

education. 

Different distributed lag structures are chosen for R&D spending for different 

degree-levels. Freeman (1975) used the third-period lag for B.S. degrees, fourth-period 

lag for M.S. degrees and the fifth-period lag for Ph.D. degrees. Since we believe that 

students are influenced by R&D trends in a sub-field as possible indicators of long-

run job opportimities, we use a lag structure that has similar end-period lags but also 

involves intermediate lags. Ideally we would have chosen to put all the relevant lags 

in the equations, and let the model estimate the respective lag weights. However, this 

will greatly reduce the degrees of freedom in the absence of a fairly long time-series. 

Thus, the R&D variables have been specified as Almon lags in which it is assumed 

that the coefficient on the i'th lag of R&D can be approximated by rj^ = f{i) = 9o+idi. 

Farther it is assumed that contemporary R&D has no significant impact, therefore 

^0=0. This implies that we have only one coefficient to estimate and that is ^j.The 

R&D variables for the equations are created in the following maimer: 

B.S.Equations : BHRDt = HRDt-i -t- 2 • HRDt-2 + 3 • HRDt-^ 

M.S.Equations : MHRDt = HRDt-i -F 2 • HRDt-2 + 3 • HRDts -t- 4 • HRDt-i 

Ph.D.Equations : DHRDt = HRDt-i -f- 2 • HRDt-2 + 3 • HRDts + 4 • HRDt-A 

-1-5 • HRDt-5, 

where H — Private or University performed R&D. 
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3.4 Data, Estimation and Analysis 

3.4.1 Data 

The primary data for the estimation come from three som-ces: National Science Foim-

dation (NSF), National Association of Colleges and Employers (NACE), and the Na

tional Center for Education Statistics (NCES). In addition, data on foreign students 

comes from the Institute of International Education (HE). The R&D and Degree data 

are obtained from the NSF. We have R&D data from 1959-1998. Availability of data 

on degrees granted differs amongst sub-fields as well as amongst the three different 

levels of degrees. Thus data on some B.S. degrees are available from 1959, while some 

Ph.D. level data are only available from 1966. The salary data come from NACE'^. 

Doctoral level salary data are available from 1966 only, while the earliest available 

data for any sub-field at any degree level is in 1960. The Freshmen Enrollment data 

from 1957-1998 come from the NCES. With all the different lengths of data available 

to us, for balanced estimation we use data from 1970 to 1998. 

To account for foreign students as an applicant pool, the ideal variable would 

Entry-level salaries are collected by NACE since 1961. However, until 1968 only men's salaries 
were reported. From 1969 onwards, women's salaries began to be reported separately too, however 
they were reported not by curriculum but by the type of employer. Then from 1974 till 1980, data 
were reported combined for men and women, not separately. And then again from 1981, data for 
men and women are reported separately as well as combined, for B.S. For M.S. and Ph.D. data is 
still reported combined for men and women. We use men's starting salaries wherever available, and 
use the combined salaries for the years 1974-1980. Does using starting salaries of males bias the 
estimated effects of salaries on degrees? Consider the following simple framework: In(Degreet) = 
Pq+Pi ln(5f_i)+ej ,where S is the geometric mean of male and female starting salaries. We can relate 
the overall starting salary to the male and female starting salaries by ln(S't_i) = at-i ln(S'm^t„i) + 
(1 — at-i) ln(5/.t-i)where at-i is the proportion of starting engineers who axe males. is the 
male starting salary at time 't-1', and 5/,t-iis the female starting salary at time 't-1'. If we add and 
subtract ln(jS'm,t-i) and substitute into the supply equation and collect terms, we arrive at; 

In(Degreei) - /3o+/3i ln(S'm,t-i)+Ut,where Ut = £t-^i[(l-at-i) ln(5m„t-i/5'/,t_i)].If the gender 
starting salary differential did not vary much over the estimation period, then any bias in estimating 
^^will depend on the correlation between ln(5m,t-i) and at-i- Of course if there were no gender 
starting salary differentials, there would be no bias. 
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be foreign students' enrollment in the first years of each of the three degree levels 

(somewhat like foreign students' freshmen enrollment). However such, data are not 

available for the time period we consider. Data are available only on the number of 

foreign students enrolled in all engineering programs in the U.S. These data come 

from HE. We use the second-period lag for the M.S. equations. 

3.4.2 Estimation 

Each of the 12 equations is first checked for presence of unit roots and any kind of 

auto-regression in the errors. Four of the B.S. equations exhibit an AR(2) process 

in their errors. Given the presence of lagged endogenous variables and the AR(2) 

errors, these four equations are corrected by the Hatanaka method. However, the 

traditional Hatanaka process was modified to accommodate an AR(2) error process. 

We illustrate here with a simple formulation. Let the estimating model be : 

yt = + 72/4-1 + z't-TT + €t (3.4) 

where £t = Pi£t-i + P2^t-2 + Wt. Here, xj is a matrix of exogenous variables, jt-i 

is the lagged dependent variable, and zj is a set of lagged endogenous variables which 

are potentially correlated with the error term. In our context for the B.S. equations, 

where we discovered AR(2) in errors, zt denotes the B.S. starting salaries. Even 

though we do not model the determination of starting salaries, we do realize that 

starting salary each year for every sub-field at each degree-level, is determined by the 

interaction of supply and demand for fresh engineers. Thus starting salary for B.S. 

sub-fields is potentially determined in the following way: 

(Starting Salary in Sub-field X)t — f{(Supply or Number of B.S degrees produced 
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in sub-field X)t ,( Demand or job-openings for fresh engineers)^ 

This implies that the second-period lag of the B.S. starting salary is potentially 

correlated with the 2nd lag of the number of B.S. degrees produced. The modified 

Hatanaka method is a two-step estimator, in which the first step is to obtain consistent 

estimates of pi and p2 and the second step is to carry out an FGLS, on equation 3.4. 

Hatanaka suggests that in the first-step, we use instrumental variables for consistent 

estimation of /S, 7 and tt in the presence of endogenous variables. Thus, we use IVs 

for Yt-i as well as for Z(. In our estimations, we used all the exogenous variables 

in each B.S. equation and durable goods output as IVs. Durable goods output was 

chosen as an IV for starting salary, since durable goods output is considered as a 

demand variable. It contemporaneously determines salaries, but it is exogenous to the 

determination of salaries. Thus we take care of the possible endogeneity of the 2nd lag 

of B.S. salaries in the B.S. equations, in the presence of an AR(2). In order to preserve 

the first two observations in the B.S. equations, Prais-Winsten transformations are 

used for the FGLS, as prescribed in Greene(2003). 

It is hkely that the twelve degree production methods are related through the com

mon shocks that they may be subject to from exogenous macro-economic processes. 

(For example, a general recession in the economy, results in an overall increase in 

enrollment at all degree-levels). The system of twelve equations (which includes the 

four transformed B.S. equations), is tested for correlations among the disturbances. 

The Likelihood Ratio Tests confirm the need for a Seemingly Unrelated Regressions 

(SURE). The results of the SURE are given in Tables 3.1, 3.2 and 3.3 
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3.4.3 Analysis 

In terms of the expected signs on the coefficients, our model does reasonably well. 

The signs are suggestive in the right direction. However, because of the scale and 

'interdependence' nature of the model some modeling and analytical difficulties do 

arise. We disctiss these issues below as we discuss the estimation results. 

Own Salary: Indisputably own salary, is predicted to have a positive impact. Own 

salaries have positive and significant coefficients in two Bachelor's (CM and MC), two 

of the Master's (CV and MC) and in one of the Doctoral (EL) equations. However, we 

do see divergent signs on one equation at each degree-level (CV-B.S, CM-M.S. and 

CV-PhD.). The relative insignificance of own salaries in four equations somewhat 

echoes the Freeman (1976) results, where two of the coefficients on own salary (when 

present with other factors) are relatively smaU and insignificant. 

In the B.S. equations, average of other B.S. engineering salaries have positive and 

significant impacts in two equations (CV and EL). The average salaries were entered 

in the B.S. equations only to determine if potential Bachelors' degree recipients are 

able to parse out information specific to their sub-field of interest from the information 

on related sub-fields. We can then interpret the positive signs to mean that as far 

as salary information is concerned potential engineering students at B.S. levels (in 

CV and EL) treat engineering as a single entity, as opposed to different sub-fields. 

This could partly be because of something that Romer(2002) pointed out, as lack 

of sufficient sub-field specific economic information provided to potential engineering 

students in majority of institutions. 

Alternate Salaxies: The MBA salaries in the M.S. equations, when significant, 

exhibit a positive sign on CM, and a negative sign in CV & EL equations. The 
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salaries we use are starting salaries for MBAs with less than 1 year of work experience. 

However, many engineers who switch to an MBA do so even after an M.S. and some 

work-experience. Therefore, it is understandable that an MBA is not so much of an 

"alternative" to an M.S. in engineering, as it is a "complement" with a lag - a process 

of upgrading human capital over and above the skills acquired in the engineering 

training. We introduced the option of not pursuing a higher degree, by including 

the starting salary of the immediate lower degree in a sub-field, in the M.S. and the 

Ph.D. equations. The hypotheses was that an increase in B.S. starting salary in a 

sub-field, can act as a deterrent for those wanting to do a Master's in that same 

sub-field, and an increase in M.S. starting salary in a sub-field, can act as a deterrent 

for those wanting to do a Ph.D. in that same sub-field. Our estimates support this 

hypothesis in the two M.S. (CV, MC) equations where they are significant, and have 

elasticities that are negative. In the Ph.D. equations, though, the results are reversed. 

Thus own Master's salary in three of the four Doctoral (CM, CV and MC) equations is 

significant and positive, while it is negative in EL engineering. A possible explanation 

is that Doctoral students in fact consider M.S. salaries as indicators of market worth 

of specialization in a particular sub-field, and are thus encouraged to pursue an even 

higher degree in that area. Also, it could be the fact that with almost 27.0% of 

the science and engineering Ph.D. degrees being received by foreign students, with 

numbers for engineering being even higher, (NSF S&E indicators- 2002), it is possible 

that an increase in M.S. salary does not distract the foreign students from pursuing a 

Ph.D. as these students would prefer a secure visa status in the U.S. (on a student-visa 

in a Ph.D. program), than earn higher salaries quickly (especially since sponsoring a 

visa for an employee with a Ph.D. is easier than for an employee with an M.S. only). 

R&D: Unlike most studies in the past, we have chosen R&D by performing sec
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tors. As industry performs more R&D, it is likely to demand more engineers, and as 

academic departments perfonn more R&D they will have a greater demand for RAs 

and TAs and will also have more money available to fund the students. Given the 

estimated lag structures on R&D, the long-run multipliers are approximately of the 

same order in all the three sets of equations. 

R&D performed by the private sector presumably affects engineering degree pro

duction in two ways. First, the direct impact is an increase in the demand for engi

neers. Second, the more interesting, though indirect, effect is through the fact that 

R&D activity involves gestation lags (in that the research started today will typically 

yield results at a later date), so that R&D signals engineering opportunities in the 

future. Thus the number of students opting to study engineering wiU be positively 

impacted. The coefficient on privately performed R&D wherever statistically signifi

cant is positive, except in one B.S. equation. Particularly, it is positive and significant 

in the same three M.S. and Ph.D. (CM, EL & MC) equations, while it is insignificant 

in CV engineering at both these degree-levels. Interestingly, the only place where 

private R&D is statistically significant for CV engineering is at the B.S. level, and it 

is negative there. 

University performed R&D is hke a university's budget. Just as an individual's 

consumption bundle may change with changes in income depending on the prefer

ences over the goods, likewise, a university may allocate resources amongst different 

sub-fields and degree-levels. We find that CV engineering is positively impacted by 

university performed R&D at all three degree-levels. However, the coefficient on uni

versity performed R&D is negative and significant in the other 3 M.S. equations (CM, 

EL and MC), and in one Ph.D. equation (MC). It is insignificant elsewhere. 

What is very interesting about the role of R&D is that the sum of the coefficients 
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on the two categories of R&D, is always positive in all equations. Thus if we treated 

R&D as one variable, as in the traditional literature, we would have obtained a 

positive coefficient on R&D. 

Own Degree lags: Own B.S. 2nd lags are statistically significant in 2 equations 

(CM and EL) and are positive in both. While this does not appear to support a 

cyclical pattern, we believe this allows us to capture the "herd-behavior or fad-factor" 

at the undergraduate level. Thus freshmen are likely influenced by the popularity of a 

major in cohorts preceding theirs in the immediate past. At the M.S. and Ph.D. level, 

such a tendency is predicted to be less prevalent. We see that in the M.S. equations 

own degree lagged twice has a significant and negative coefficient in three equations 

(CM, EL and MC), while in the Ph.D. equations the coefficient on the 4th lag of own 

degree is statistically significant in one equation (CV), and it is negative. 

Cross-Degree Effects and Apphcant Pool: Foreign students have a positive impact 

on the production of M.S. degrees, but the coefficient is significant in only one sub-

field (MC). Freshmen enrollment has a positive impact too, and the coefficients are 

significant in all four sub-fields. In the M.S. and in the Ph.D. equations, appropriate 

lags of different B.S. and M.S. degrees were added respectively, to test for cross-

mobihty, as well as to account for the potential applicant pool for each degree level. 

Cross-degree effect is identified as the effect on one degree in one sub-field from 

another degree in another sub-field. Thus cross-degree effects in the three degree-

levels are noted respectively as : 
dlogBS{subfieldX)t  _ dlog MS (sub f ieldX)t  _ dlog Ph.D.{subfieldX)t  

dlog BS{subfieldY)t-2 '  dlog BS{subfieldY)t^2 '  dlog MS{subfieldY)t^i  
Own lag of B.S. degree in the M.S. equations, has a positive coefficient in MC and 

a negative coefficient in EL engineering, and is statistically insignificant in the other 

two equations, while own M.S. degree lag in the Ph.D. equations exhibits a statis
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tically significant negative coefficient for CM, and a statistically significant positive 

coefficient for EL. Allowing for one degree-level in all four sub-fields to feed into the 

next higher degree-level in all of the four sub-fields, plus including an "other engineer

ing degree" category in the M.S. and Ph.D. equations, we can estimate the potential 

impact of one sub-field on another. Cross-degree effects are statistically significant 

in twelve (6 positive and 6 negative) out of a possible twenty coefficients in the M.S. 

equations, and ten (5 positive and 5 negative) out of the possible twenty coefficients 

in the Ph.D. equations. In the B.S. equations, other B.S. degree lags are significant 

ia ten out of the possible sixteen coefficients of which the statistically significant esti

mated coefficients are positive in 6 cases and negative in 4 cases. Cross-degree effects 

are thus observed more at the lower degree-levels than at the higher degree-levels. 

It is of course the case that the precision of the estimation of our model can improve 

if more data were available to us®. We are limited by availabihty of consistent data on 

aU degrees, as pointed out earlier. Consequently our results may be viewed as being 

only suggestive of underlying trends in the degree-production process. 

3.5 Simulation 

The estimated model is used to generate time-series on degrees conferred each year 

with respect to changes in certain exogenous variables. Ahnost aU simulations gen

erate cycles, even in the absence of cycles in the exogenous variables. The cycles 

generated in the simulated series are similar in timing and magnitude to the actual 

series. This points to the relative accuracy of our model. 

®In fact some of the unbelievably large elasticities we obtained prompt us to further work on our 
estimations. Since the large elasticities are not on the lagged dependent variables, our system of 
equations is stable. 
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We conduct different policy simulations. The policy-variables being considered 

here are the various R&D expenditure categories. In order to be able to compare the 

number of degrees produced actually with that wliich would have been produced had 

the new policy been in place, we need to ensure that the only thing that changes in 

the two situations is the policy-variable. This allows irs to make a pure policy-impact 

analysis. Therefore we adopt the following basic template for simulations: 

Consider a J equation dynamic SUR system with endogenous variables , j = 1, 

...J. The j'th estimated equation can be expressed as 

Vjt ~ '^jt-iPj + t = 1,... ,T (3.5) 

and yjt is the dependent variable, Yjt-i is a vector of lagged endogenous variables 

and Xjt is a vector of exogenous variables in the j'th equation. To perform a policy 

simulation of counterfactual changes in exogenous poUcy variable(s), one adds the 

equation residuals back to each equation while the pohcy variables are changed to 

their counterfactual A^ues: 

Vjt = Yji-iPj + t = 1,... ,T (3.6) 

where is the (policy) simulated value of the j'th endogenous variable, and 

is the vector of simulated values of the lagged endogenous variables, and is the 

vector of policy assumed values of the exogenous policy variables. The estimation 

residuals are added to the model to correct for equation error and allow the policy 

simulation values of yj to be compared witli the actual historical values: 

y-t  -  yjt  = -  Y^t-i) f3,  + {XI -X, ,)  7,- (3.7) 
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It is clear that Yj^_i — Yjt_i represents the past effects of — Xjt on the endogenous 

variables where Xj, — Xj^represeiits the current policy change in Xjt-

One can compare the paths of Yjl and Yjt over time as weU as the average effect 

of the policy change, 

T 

r-' - ».) (3.8) 
t=l 

We can simulate three different policy-scenarios. We will present the results of 

formulation 3.8, for one such policy-siraulation, as well as the graphs of the simulated 

series in both logs and anti-logs. 

Below we consider one illustrative policy-scenario and present the results corre

sponding to expression 3.8, for the first such scenario®. 

PoHcy-Scenario : Total R&D Performance (Industry & University) Grows 

One problem with setting R&D scenarios in which real (1996 constant dollar) 

R&D grows (or declines) at a constant geometric rate is that the forecasts are likely 

to gradually diverge wildly from plausible values. We use the following scenario which 

ensures that R&D spending is bounded within reasonable limits. Let RDj = RDpt -1-

RD„t, where RD^ is the total R&D performed by the private sector and university, 

RDpt is R&D performed by the private sector in period t and RD„t is R&D performed 

by the universities (and colleges) in period t. Let ctj^RDj /GDPt which is the ratio 

of the R&D spending in year t to real GDP in year t. Let a — T at , i-e. the 

average of the historical R&D shares. The dispersion in R&D shares is calculated 

according to: 

®The simulations for other two sets of policy-scenarios are carried out in the same way as the 
first policy-scenario. 
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(J — \ 
^ (at - a)' 
4=1 

T- 1 

Next we conduct a policy simulation in which total R&D spending is one standard 

deviation above the mean share: 

= (a + a^).GDPt 

The separate R&D spending categories are constrained to preserve their historical 

shares. So for example the Private R&D simulation value is calculated according to: 

ijflpr = 

Similarly for university R&D we have: 

RDS' = 

With the above formulation we obtain an average annual growth of 10.84% in the 

combined R&D performed by University and Industry. The average impact on each 

degree-level, of such a policy-change is Usted in Table 3.4 

We see that for the policy that yields an annual growth in combined R&D, we 

find that while majority of engineering degrees are impacted positively, there are a 

few degrees which actually show a drop. In particular, 3 out of 4 B.S. degrees are 

impacted negatively. The higher-engineering degrees, M.S. and Ph.D., grow almost 

as much as the R&D itself. This points to the sensitivity of higher-education to R&D 

support. The simulated series can be compared with the original series, as seen in 
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Figs. 3.8 to 3.31 

In Appendix I, we report two more R&D policy scenarios. 

3.6 Conclusion 

Our paper is an attempt to address an important policy-issue: can R&D impact the 

production of engineering degrees? While it is not always the intended purpose of 

the R&D funding agency to affect the production of degrees, there are possible links 

through which R&D can impact degree-production to the extent that R&D funds 

are eventually expended by some agencies to perform R&D. When industry performs 

R&D, it employs engineers, as well as it signals to potential engineering students the 

future of research (and technology). Likewise, when universities perform R&D, they 

fund the education of students involved in that research. Thus, through our empirical 

exercise we try and establish the effectiveness of different performing groups of R&D 

in the degree-production process. 

We estimated a model of engineering supply. Supply of engineers was defined here 

as the annual production of engineering degrees at the three degree levels (B.S., M.S. 

and Ph.D.) in American Universities. Selection of sub-fields was based primarily 

on availabihty of consistent data. Unlike traditional models of degree-production, 

which consider R&D as a demand side variable only, we disaggregated R&D by two 

performing groups - Industry and University. Distributed lags of R&D were used. 

Industry R&D was treated as an indicator of the extent of long-run opportunities in 

engineering and university R&D was treated as an input into the production process 

through its impact on financial support of higher education in engineering fields. 

Starting salaries were interpreted as indicators of spot labor market conditions for 
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newly minted degrees. Because industry is the largest employer of R&D engineers, 

we found that industry R&D has a positive impact on the production of M.S. and 

Ph.D. degrees in engineering. University R&D exhibited mixed responses, though the 

sum of the coefficients on industry and university R&D was always positive for all 

degree-levels. 

In the model it was important to consider difi^erent degree-levels in the same 

sub-fields, as one of the main features of the model was the explicit account of in-

terdependencies amongst different degree-levels and different sub-fields. We formd 

that while Bachelor's training in a sub-field definitely had a positive impact on the 

number of higher degrees in that sub-field, there are two other sources of apphcants 

for higher degrees too. First, there are the foreign students whose B.S. level train

ing we unfortunately could not describe since we have no access to relevant data. 

Second, there is the cross-mobility of students trained in one sub-field who migrate 

to another sub-field. This implies that the potential applicant pool for a particular 

higher degree and sub-field is not constrained by training at the B.S. level in that 

sub-field. Engineering as a specialized field imparts a training that can be used in at 

least one additional sub-field other than the sub-field in which the B.S. degree was 

obtained. Such cross mobility amongst degrees suggests that possible future shortfalls 

of engineers in particular sub-fields wiU draw engineers from other sub-fields in the 

short run. 

Dynamic simulations were carried out in which R&D variables were allowed to 

change by some counterfactual policy rule. Oiir model could generate endogenous 

fluctuations in the simulated series even in the absence of any such fluctuations in the 

policy variable. This points to the relative accuracy of our model since the original 

series on degrees, exhibits endogenous fluctuations too . 
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Figure 3.1: Annual Production of Engineering Degrees (B.S., M.S. & Ph.D.) ; Data Source; 
NSF 
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Figure 3.2: Annual R&D Spending in the U.S.(Data Source: NSF) 
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Figure 3.3: R&D by performing groups (Data Source: NSF) 
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Figure 3.4'- Percentage of B.S. Engineering degrees awarded in the 4 sub-fields (CM,CV, EL 
& MC) ; Data Source: NSF 



94 

67-5 

«> 66.5 

65.6 

1964 1966 1 968 1970 1972 1974 1976 1978 1980 1982 1984 1986 1988 1990 1992 1994 1996 1998 2000 

Year 

Figure 3.5: Percentage of M.S. Engineering degrees awarded in the 4 sub-fields (CM,CV,EL 
& MC) ; Data Source; NSF 
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Figure 3.6: Percentage of Ph.D. Engineering degrees awarded in the 4 sub-fields (CM,CV,EL 
& MC) ; Data Source : NSF 
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Figure 3.7; Schematic Representation of the Model of Production of Engineering Degrees 
(Representative sub-field here is Electrical Engineering) 



B.S.Equations CM Eng. CV Eng. EL Eng. NIC Eng. 

Variable Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

Constant -20.03 3.81 5.84 1.93 -24.22 3.08 -36.97 4.46 

CM Degree BS[-2] 0.47 0.15 0.15 0.08 0.67 0.12 0.34 0.19 

CV Degree BS[-2] 0.24 0.24 0.04 0.13 -0.55 0.21 -0.05 0.32 

EL Degree BS[-2] -1.19 0.18 -0.31 0.09 0.68 0.15 0.16 0.22 

MC Degree BS[-2] 0.67 0,25 0.11 0.12 -0.62 0.19 -0.21 0.29 

Private R&D 0.09 0.06 -0.20 0.03 0.08 0.05 -0.07 0.08 

U&C R&D -0.08 0.05 0.20 0.03 -0.03 0.04 0.07 0.07 

Own B.S.Salary[-2] 3.04 0.33 -0.62 0.22 0.18 0.18 4.85 0.60 

Other 3 B.S. Avg.Sal[-2] -0.28 0.47 0.85 0.24 2.79 0.34 0,21 0.66 

Freshmen Enrollment 0.57 0.14 0.49 0.08 0.71 0.12 0.56 0.19 

Bold indicates significance at 10% level and/or less. 
Dependent variable: Number of B.S. degrees granted in the respective sub-field, annually. 
All variables are in logs. 

Table 3.1: B.S. Degree-Production Results : 1970-1998 (Estimation technique SURE) 
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M.S.Equations CM Eng. CV Eng. EL eng. MC Eng. 

Variable Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

Constant -9.63 4.42 10.10 4.30 -12.15 1.90 -7.44 2.72 

Own M.S. Degree[-2] -0.40 0.12 0.02 0.12 -0.15 0.07 -0.14 0.07 

Private R&D 0.34 0.05 0.02 0.04 0.26 0.03 0.11 0.03 

U&C R&D -0.27 0.04 0.06 0.03 -0.11 0.02 -0.04 0.02 

Own IVI.S.Salary[-2] -0.51 0.16 1.18 0.17 0.28 0.26 1.79 0.26 

Own B.S.Salary[-2] 0.16 0.58 -1.98 0.36 0.05 0.09 -0.87 0.31 

MBA Salary[-2] 0.64 0.22 -0.64 0.18 0.07 0.12 -0.22 0.11 

CM Degree BS[-2] -0.17 0.17 -0.43 0.15 -0.43 0.08 -0.43 0.10 

CV Degree BS[-2] 1.13 0.26 0.35 0.27 0.41 0.13 0.10 0.16 

EL Degree BS[-2] -1.14 0.33 -0.95 0.18 -0.34 0.10 -0.55 0.14 

MC Degree BS[-2] 0.65 0.28 0.42 0.26 0.42 0.13 0.90 0.16 

Other Eng,DegreeBS[-2] 0.08 0.22 1.00 0.16 0.11 0.09 0.21 0.10 

Foreign Students[-2] 0.07 0.10 -0.12 0.07 0.03 0.03 0.08 0.04 

Bold indicates significance at 10% level and/or less. 
Dependent variable: Number of B.S. degrees granted in the respective sub-field, annually. 
All variables are in logs. 

Table 3.2: M.S. Degree-Production Results : 1970-1998 (Estimation technique: SURE) 



Ph.D.Equations CM Eng. CV Eng. EL eng. MC Eng. 

Variable Coeff. S.E. Coeff. S.E. Coeff. S.E. Coeff. S.E. 

Constant -6.47 2.07 -8.99 1.83 -0.99 2.45 -14.46 2.99 

Own Ph.D. Degree[-2] -0.10 0.06 -0.41 0.11 0.12 0.08 0.05 0.07 

Private R&D 0.08 0.02 -0.01 0.02 0.08 0.02 0.10 0.02 

U&C R&D -0.02 0.02 0.04 0.01 -0.03 0.02 -0.08 0.02 

Own Ph.D. Salary[-2] -0,22 0.11 -0.09 0.06 0.35 0.11 0.33 0.11 

Own M.S.Salary[-2] 0.64 0.15 1.47 0.25 -0.59 0.35 0.94 0.37 

CM Degree M,S.[-2] -0.17 0.10 0.05 0.08 -0.28 0.11 -0,21 0.13 

CV Degree M.S.[-2] -0.17 0.11 -0.06 0.10 -0.35 0.11 0.08 0.14 

EL Degree l\/!.S.[-2] 0.08 0.18 0.89 0.16 0.55 0.21 1.23 0.24 

MC Degree M.S.[-2] 0.96 0.19 -0.01 0.14 0.45 0.20 -0.15 0.26 

Other Eng.Degree M.S.[-2] -0.69 0.22 -0.40 0.17 -0.48 0.23 -0.31 0.29 

Bold indicates significance at 10% level and/or less. 
Dependent variable; Number of B.S. degrees granted in the respective sub-field, annually. 
All variables are in logs. 

Table 3.3: Ph.D. Degree-Production Results : 1970-1998 (Estimation technique; SURE) 
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B.S. Chemical Eng. Civil Eng. Electrical Eng. Mechanical Eng. 

Percentage Change in Production of BS Degrees due to Policy change 

Logarithm -0.68158 -0,22291 0.291434 -0.10072 

Antilogarithm -5.53773 -2.00707 2.845029 -0,95331 

M.S. Chemical Eng. Civil Eng. Electrical Eng. Mechanical Eng. 

Percentage Change in Production of MS Degrees due to Policy change 

Logarithm 0.336282 0.987102 2.108388 0.629005 

Antilogarithm 2.436317 8.508914 20.28665 5.147988 

Ph.D. Chemical Eng. Civil Eng. Electrical Eng. Mechanical Eng. 

Percentage Change in Production of Ph.D. Degrees due to Policy change 

Logarithm 2.290063 2.180966 2.99022 3.735051 

Antilogarithm 15.38877 14.53887 23.0614 28.0522 

Table 3.4-' Average Percentage Effect on Degree Production, of Combined Private and Uni

versity Rand D Growing by 1 s.d. above the Mean 
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Figure 3.8: Policy-Simulated and Actual Series on B.S. degrees in CM engineering (in Logs) 
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Figure 3.9: Policy-Simulated and Actual Series on B.S. degrees in CM engineering (in Lev
els) 
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Figure 3.10: Policy-Simulated and Actual Series on B.S. degrees in CV engineering (in Logs) 
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Figure 3.11: Policy-Simulated and Actual Series on B.S. degrees in CV engineering (in 
Levels) 
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Figure 3.12: Policy-Simulated and Actual Series on B.S. degrees in EL engineering (in Logs) 
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Figure 3.13: Policy-Simulated and Actual Series on B.S. degrees in EL engineering (in Lev
els) 
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Figure 3.14' Policy-Simulated and Actual Series on B.S. degrees in MC engineering (in 
Logs) 
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Figure 3.15: Policy-Simulated and Actual Series on B.S. degrees in MC engineering (in 
Levels) 
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Figure 3.16: Policy-Simulated and Actual Series on M.S. degrees in CM engineering (in 
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Figure 3.17: Policy-Simulated and Actual Series on M.S. degrees in CM engineering (in 
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Figure 3.18: Policy-Simulated and Actual Series on M.S. degrees in CV engineering (in 
Logs) 
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Figure 3.19: Policy-Simulated and Actual Series on M.S. degrees in CV engineering (in 
Levels) 
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Figure 3.20: Policy-Simulated and Actual Series on M.S. degrees in EL engineering (in Logs) 
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Figure 3.21: Policy-Simulated and Actual Series on M.S. degrees in EL engineering (in 
Levels) 
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Figure 3.22: Policy-Simulated and Actual Series on M.S. degrees in MC engineering (in 
Logs) 
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Figure 3.23: Policy-Simulated and Actual Series on M.S. degrees in MC engineering (in 
Levels) 
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Figure 3.24'- Policy-Simulated and Actual Series on Ph.D. degrees in CM engineering (in 
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Figure 3.25: Policy-Simulated and Actual Series on Ph.D. degrees in CM engineering (in 
Levels) 
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Figure 3.26: Policy-Simulated and Actual Series on Ph.D. degrees in CV engineering (in 

Logs) 
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Figure 3.21: Policy-Simulated and Actual Series on Ph.D. degrees in CV engineering (in 
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Figure 3.28: Policy-Simulated and Actual Series on Ph.D. degrees in EL engineering (in 
Logs) 
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Figure 3.29: Policy-Simulated and Actual Series on Ph.D. degrees in EL engineering (in 
Levels) 
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Figure 3.30: Policy-Simulated and Actual Series on Ph.D. degrees in MC engineering (in 
Logs) 
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Figure 3.31: Policy-Simulated and Actual Series on Ph.D. degrees in MC engineering (in 
Levels) 
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3.A Appendix I 

As an alternative to a policy where both Industry and University R&D grow, we 
could simulate a policy where the ratio of Industry and University R&D changes. 
However given that University R&D is a very small proportion of the Industry R&D, 
changes in University R&D may not turn out to be very interesting as a whole. Thus 
to generate more R&D scenarios we can also look at total R&D sources as opposed to 
R&D performers. For such an analysis we will use the fact that all R&D performers 
receive R&D money from different R&D sources. In fact each R&D performer is also 
a source of R&D money. Typically, we can think of R&D sources being linked to 

D 'sinks' or performing groups in the following way: 

R&D Sources 
R&D Performers 

Federal 
Federal 

Private Private 

University & Colleges University & Colleges 

So far we have looked at R&D performers only. However, we can now introduce 
changes in the different sources of R&D, and we can then connect them to the two 
R&D performers that we have initially used in our regressions. Let, PPt = R&D 
performed by Private sector. Likewise, UP^ = R&D performed by universities and 
colleges. Let, PSj =R&D funded (source) by Private sector. Likewise, FS^ and USi 
refer to R&D funding by Federal sector and University. 

Let, FSPt = portion of Federally ftmded R&D performed by Private sector, PSPj 
= portion of privately funded R&D performed by Private sector, and USPt = portion 
of University funded R&D performed by Private sector. 

Then PPt =PSP(+FSPt+USPt (assuming that there are no other sources or 
destinations of R&D, besides Federal, Private and University agencies). Let, 
= PSPt/PSj = proportion of Privately funded R&D being performed by the pri
vate sector. Similarly, 724 = FSPt/FSj ^proportion of Federally funded R&D be
ing performed by the private sector, and 73^ = USPt/USj =proportion of Unives-
rity funded R&D being performed by the private sector. Therefore, we can rewrite 
PPt =PSPt+FSPt+USP,, as PPt = 7i,PSt-f72,FSt-f73,USf. 

Thus if any of the source R&Ds changes, we can translate that into changes in 
sink R&Ds. For example, let R&D funded by Federal Sector under a new policy = . 

Then PP; = 7uPSH-72tFS;+73tUS, 
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But FS;-FSt = AFS. Therefore, PP; =PPH-72£AFS„ or APP, = nAFSf Now 
we can introduce changes in Federal and/or Private and/or University R&D, in the 
following ways'^ : 

The following are two examples of policy simulations in which the R&D mix 
changes but not the overall total. 

Ceteris Paribus Federal R&D Spending Grows, thus Private R&D spending Declines: 
We consider a situation where the Federal R&D share changes by one standard 

deviation above its mean share in the combined total of Federal and Private R&D: 
= (7^ + a^^)RDfpt where is Federal R&D imder the new policy. 

Thus, RDp^^ = (1 — — a~f^)RDfpt,where RDp^^is Private R&D under the new 
policy. 

Ceteris Paribus Private RfcD Spending Grows, thus Federal R&D spending Declines: 
Here we consider a situation where the Private R&D share changes by one standard 

deviation above its mean share in the combined total of Federal and Private R&D: 
RDpf^ = {jp + a^JRDfpt where RDj^^ is Private R&D under the new policy. 

Thus, RDj^^ = (1 — 7p — cr-yJiJD/pt,where RDp/^is Private R&D xmder the new 
policy. 

^Though in this set up, we can see that the same magnitude of change in Federal, Private or 
University R&D spending, will eventually show up in the same way in the R&D performance. Thus 
it may not be possible to parse out the separate effects of changes in the three sources of R&D 
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Chapter 4 

OCCUPATIONAL MOBILITY AMONGST ENGINEERS^ 

4.1 Introduction 

Occupational mobility is an important feature of the American labor market. The 

reasons for such mobihty vary from purely geographical preferences to a job loss, pro

motion, acquisition of additional hmiian capital, or clianged occupational preferences, 

etc. While occupational mobility may represent the fact that training in one occu

pation is not being optimally used in that occupation, it also indicates the overlap 

between different occupations. Such an overlap can be noted in two ways. First, ex

perience in one occupation can facilitate educational training for another occupation. 

For example, experience as a biologist can facilitate the educational training necessary 

to become a doctor. Second, the skills acquired in one occupation can be transferred 

to another occupation without any formal educational training for the latter. Thus 

a computer engineer (with a Ph.D.) can become a professor of computer science in a 

university. In either case, the ease of mobility from say occupation Oj to occupation 

O2 represents a potential secondary source of labor supply for occupation O2. Such an 

analysis of occupational mobility as a secondary source of labor supply is even more 

important in the case of occupations for which there are concerns about shortages. 

Scientific and engineering occupations are one such category where NSF predicts that 

the increasing average age of a scientist/engineer coupled with the current retirement 

policy, will lead to a shortage of engineers.^ 

^ Joint work with Dr.R.L.Oaxaca 
^ "Barring changes in degree production or in immigration, the S&E labor force will grow at a 

slower rate and the average age of scientists and engineers will increase "-S&E Indicators 2004 
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This paper analyses the mobility of engineers across different occupations. In par

ticular, we focus on the transition of engineers employed in one engineering sub-field, 

into other engineering sub-fields. Thus we do not explicitly consider the mobility of 

engineers across every detailed occupational category. We instead focus on engineers 

moving across different engineering sub-fields. At the same time, we do allow for 

engineers to exit the engineering fields completely, though we do not analyse their 

non-engineering trajectory. In thus focussing on engineering occupations only we are 

testing whether engineering skills are transferable across different engineering occu

pations or not. 

We arrange this paper in the following sections. Section 4.2 presents a review of 

the literature dealing with various aspects of occupational and job mobihty. Section 

4.3 describes the econometric model. Section 4.4 presents the specific attributes of 

the data that has been used in this paper. In section 4.5 we present the results of 

the estimations. Section 4.6 looks at various demographic scenarios and simulates 

mobihty rates for such demographics. We conclude with section 4.7 

4.2 Literature Review-

Most papers in the literature have treated occupational mobihty as a function of fric

tion. This friction could arise from a poor match between the employer-employee/worker-

firm (Jovanovic, 1979), or could be due to changed macro-economic conditions, which 

render some occupations redimdant and displace some workers, eventually leading 

them to consider changing occupation (Fox, 1994). Alternatively, the friction could 

have arisen due to a self-realization by the individual that his/her skills (and tempera

ment) are better suited to some occupation other than the one he/she was trained for 
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educationally. The friction based literature therefore considers occupational mobility 

as purely an act of chance. 

When mobiUty is considered as an outcome of some utility maximization scheme 

by the worker, it can be noted that not all mobility is based on friction. In a large 

number of cases of occupational mobihty, the returns to a change exceed returns to 

staying in the same occupation. This seems to imply that the move was inevitable 

no matter the macro-economic situations, or the match-quality. Thus Sicherman and 

Galor (1998) treat mobility as a planned career choice rather than an accident. In 

essence, after controlhng for firm-specific human capital, and looking only at intra-

firm occupational mobility, they find that the longer the tenure, or the time spent on 

an occupation, the higher the probabihty of occupational mobility within the firm. 

To that extent they regard the occupation-specific skills largely transferable. 

Gabriel (2003) analyses the NLSY-1990 cohort until 1998, and notes that occu

pational mobility in general decreased as the cohort moved from early careers to 

mid-careers. While the paper is primarily a descriptive analysis of the data, the au

thor does place his study very well in the policy-debate. In particular the study seeks 

to shed additional insights into the causes of recent increases in income inequity. If it 

can be plausibly beheved that labor market mobility(of all kinds) can work to coun

terbalance earnings inequahty (Rose, 1999) then it can be believed that decreased 

occupational mobility amongst aging cohorts, could be a potential suspect in the in

creasing income inequality in the U.S. This is particularly coincidental with the fact 

that the average age of the Science and Engineering labor force is going up as the 

individuals who earned S&E degrees in the late 1960s and 1970s are moving into the 

latter part of their careers. Also the greatest population density of individuals with 

S&E degrees is between the ages of 40 and 49 (see Fig. 4.1) 
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Dolton and Kidd (1998), analyse the importance of himaan capital in job changes 

and occupational mobility. Their rich data set on the UK graduate labor market con

sists of detaile<l information on academic and socio-economic backgrounds as well as 

on job movements and further training related to occupations. Thus they differentiate 

an individual's human capital into three types, viz., firm-specific, occupation-specific 

and general academic human capital. The fijrst-kind of human capital is defined by the 

number of days spent in formal training arranged and funded by the firm. The second 

type of human capital measure is constructed by noting the number of months spent 

in occupational study leading to occupational or professional qualifications relevant 

to the first job/occupation. Academic human capital is the time spent in acquiring 

a graduate degree, M.A., M.Sc. or Ph.D. It is estabhshed that occupational mobility 

is least common amongst those who invest more in occupation-specific hiunan capi

tal. Thus one interpretation of their study is the non-transferability of skills across 

occupations. However, as the authors point out the issue of transferability of skills 

between two occupations is largely an empirical question since it depends on the de

finitions of the two occupations. The broader the definition of the occupations, the 

lesser the ease of transfer of skills. 

In our study, we first identify a common group of occupations: engineering. Oiir 

rationale for considering engineers as one sub-group is the fact that most engineer

ing training at the undergraduate level shares the common feature of being intensive 

in analytical and quantitative methods. This added to the fact that a B.S. is a 

pre-requisite to most graduate and professional degrees in engineering, suggests a po

tential for someone trained to be a mechanical engineer at the B.S. level, eventually 

working as an electrical engineer some years into the labor market. Of, course it 

should be pointed out that such a transition could work out through any of the two 
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following routes. First, the individual could have acquired an M.S. and /or Ph.D. 

in electrical engineering. Second, the individual could have succeeded in transferring 

his/her skills as a mechanical engineer into working on the analytical aspects of elec

trical engineering. Whatever the path, the fact is that an occupational mobility will 

be observed. We do not attempt to identify the two routes to occupational mobility. 

Instead we focus on the extent to which such mobility is eventually possible. Such a 

study is immensely useful when one tries to project a shortage/excess of particular 

engineers. In such a context, while it is of use for example, to see how many fresh 

chemical engineering degrees are being minted at any given time, it is also important 

to determine how many chemical engineers wUl eventually exit the chemical engineer

ing occupation to become electrical engineers and vice-versa. In the following section 

we present an econometric model of such phenomenon. 

4.3 The Mobility Model 

We deal with the issue of mobility in two approaches to the Markov model. One is 

a discrete-choice based regressions approach, and the other is the unadjusted sample 

transitions approach. We use the probabihties estimated in the regressions model to 

estimate transition matrices comparable to those obtained from the sample. 

The Discrete-choice Model Approach 

We use a discrete choice model, in which mobility is identified in a manner unusual 

to most mobility studies. In these studies all mobility is incorporated in the left 

hand side variable, or what in the multinomial set-up can be called the distinct 

regimes that the left hand side variable can uniquely take a value from. Thus each 

regime consists of a unique aspect of mobility status. Sicherman and Galor (1998), 
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distinguish between those who change both an employer and occupation, those who 

change an occupation due to a promotion but stay in the same firm, and a residual 

category. Likewise, Dolton and Kidd (1998) distinguish four regimes, viz., stay in 

the same job no promotion, stay in the same job with promotion, job changes but 

occupation does not, occupation changes. In all these cases, the individual's mobility 

decision is captured purely in the regime he/she is in. By contrast we use what we 

call a hybrid of occupational choice and occupational mobility models. Each regime 

consists of an occupation that the individual can be in, in that time period. To that 

extent our model resembles the occupational choice models. However, we identify 

mobility amongst different occupations, by modelhng the current occupational regime 

as a function of the past occupation. Then the effect of previously having been in 

occupation Oi on the probability of currently being in a particular occupation (Oi or 

not) is interpreted as ease of mobility. 

Based on the availability of data we focus on 4 major engineering occupations-

chemical, civil, electrical and mechanical engineering (hereon abbreviated as CM, CV, 

EL and MC). We employ two different choice-sets to capture two different realms 

of mobility. In the first version, what we term the 'baseline' or '5X5'model, an 

individual at time can be in any of the 5 regimes: chemical engineering (y=l), 

civil engineering (y=2), electrical engineering (y=3), mechanical engineering (y=4), 

or in any other occupation (y=0), where y is the variable that indicates the current 

regime. These 5 regimes are mutually exclusive, and an individual will be observed 

to be in only one of the 5 regimes. Notice that y—0 is a residual category^. In the 

second version, or what we term as the '4X4' model, we consider only the four major 

engineering regimes, and recode the data accordingly'^. 

^The exact composition of this and other categories is explained in the section on Data. 
^Thus the four regimes are: chemical engineering (y=0), civil engineering (y=l), electrical engi-
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Ideally we would like to ixse multinomial logit models of discrete choice. This 

model, in comparison to a linear probability model ensures that the probabihties 

associated with the outcomes are bounded between 0 and 1. However, in our analysis, 

we will employ multinomial logit wherever possible and resort to linear probabihty 

models where the multinomial logit model fails^. 

For the multinomial specification, the probability of being in any regime 'j' is a 

function of 'k' regressors denoted by Z, which consist of demographic variables, edu

cational attainment variables, and past occupation indicators. Thus the probability 

TTj of being in occupation j (dropping 'i' and't' subscripts) is 

^ .Mm 

Y.U<^-e(zPi) 

where, j — 0,1,2,3,4 & J=4 ihe baseline case (or j — 0,1,2,3 & J= 3 in the 4-by-

4 case). The condition /3O = 0 is imposed to identify the other parameters in the 

model®. 

The Markov Mobility Model 

Ransom and Oaxaca (2004) examine the intrafirm mobility and sex differences 

in pay for a regional grocery store which faced charges of gender discrimination in 

promotion opportunities available to the two sexes. In one part of their analysis they 

use a Markov model of mobihty, that generates the long-run distribution for each 

kind of job-category, which in our case can be used as an occupation type. This 

section seeks to employ the same technique for our occupational mobility set-up. 

neering (y=2), mechanical engineering (y—3.) 
® A priori we do not expect the multinomial logit model to fail. However, further in our estimations 

we realise that the multinomial logit baseline model does not perform well, and we have to thus resort 
to linear probability models. 

®For the linear probability model, the probability TTj = 
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Most simply put the Markov probability models are based on the assumption that 

the future is based on the past. This feature allows us to model current occupations 

as a function of the past occupations. In any time period, the individuals in an 

occupation category will do any one of the two things in the next time-period. They 

will either stay in the same occupation, or move to another occupation. If there 

are G occupation categories, then at any time't', the proportion of individuals in 

each category can be represented by a IXG vector, Pj where the ith element of this 

vector is Pj, . which is the proportion in category Our model is concerned with the 

relationship between Pj and Pt_i. Additionally we can solve for the long-run value of 

Pi as t becomes very large, which gives the steady-state distribution of the different 

occupational categories. Every period each individual has a probabilistic chance of 

locating from the occupation that he/she is in to any one of the occupations. Thus, 

there is a probability of transition from any category into every category. Such a 

transition matrix, underlines the Markov model. We can define a G x G matrix, 

A, whose ijth element &ij represents the probability of moving from category i in 

time-period t-1 to category j in time-period t. Then each element of the zth row 

consists of the probability of moving from category i in time-period t-1 to each of the 

G categories in period t. Since each individual can only move to any one of the G 

categories, the elements of each row sum to 1. If the occupation mobility process is 

assumed to be stationary,then the following relationship must hold 

Pot — a00-P0,t-l + 0'loPl,t-l + ••• + a,GoPG,t-l 

Pit = aoi-fb,4-i + diiPit-i + ... + aGiPG,t-i 
(4.2) 

Pat = CloGPo,t-l + dlG-Pl.t-l + ••• + 0-GGPG,t-l 
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The first row of equations above represents the fact that the proportion of people 

in category 0 in period t, equals the sum of the proportion of people each category 

sends from period t-1, to category 0. Clearly this formulation exploits the fact that 

all paths from categories in t-1 to any other category in t are mutually exclusive. If 

Pi is a IxG row vector, then in matrix notation we can represent the above system 

as 

Pt = Pt~iA (4.3) 

We can then express Pj in terms of an intital period occupational distribution and 

the transition matrix 

Pt = P^A' (4.4) 

The long run distribution of employees across the G categories, P* is independent 

of intial distribution, because of the assumption of stationarity, and can be defined 

thus 

lim {PqA') = P* (4.5) 
t—>oo 

Then if P*= ^ p* p* ... Pq j, note that at least one of these long-rim pro

portions can be calculated as: Pg=l-X^j^g {P*).Then letting the first job category to 

be calculated thus, the solution for the elements of P* is obtained from 

i'l* = 1 - E.̂ 1 (̂ •̂ 
(4.6) 

p: = Eii %-F:* 

tor g - 2,..„G 
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The steady state solution can then be written as 

which implies that 

P* = P*A + b (4.7) 

where A = 

0 -1 

0,12 0,22 

p* = b{iG-Ay' 

\ 

(4.8) 

. -1 

• 0,G2 

\ aiG a2G ogg 

; b — (1,0,...,0) and IQ is an identity matrix 

/ 
of dimension G. 

There are two distinct ways in which we estimate the elements of A, the transition 

matrix. In the first instance we use the observed transitions from the data. Then 

= ;where the number of people in category i in time t-1, and Nijt is the 

number of people who moved from category i to category j in time t. 

Alternatively, we can use the estimates obtained from the regressions to generate 

the elements of A. Here we use the fact that in our specification, past occupation is 

denoted by a dummy variable which can be turned on or off to estimate the probability 

of an individual in occupation Oi in time t-1 transitioning to occupation Oj in time t. 

For example, if past occupations are denoted by G-1 dummy variables, then we can 

estimate the probability of an individual with X value of characteristics, transitioning 

from occupation 2 to occupation 1 as 

a2i = Prob (Occupationt = 1\X, Oi = 0,02 = 1, ,0g = 0) = f(/3X + 0:21); 
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where /? is the coefficient on X characteristics, Q;2iis the coefficient on the variable 

that represents past occupation being O2 in the 1st occupation equation, and f is a 

functional form for the regressions^. 

4.4 The Data 

The data for the empirical work in this study comes from the SESTAT data-base 

maintained by the NSF. SESTAT consists of educational, demographic and employ

ment data on scientists and engineers. We use the 1993 SESTAT since only this 

survey year explicitly included questions on past and present occupations. The past 

reference year for the 1993 survey is 1988. In order for us to stay within the realm of 

engineering occupations and to be able to correlate past occupations with the present 

one, we narrow our sample to those individuals who had engineering as an occupation 

in at least the present or the past. This allows us to concentrate on mobility amongst 

different engineering occupations as well as on exit and entry from the different en

gineering occupations. As mentioned above, based on the availability of data we 

focus on 4 major engineering occupations-chemical, civil, electrical and mechanical 

engineering (hereon abbreviated as CM, CV, EL and MC)^. The occupation codes 

is based on the logistic distribution in case of the multinomial logit, and is 1 for the linear 
probability model. 

SESTAT data is available in two categories: a public-use data set and a confidential data set. 
We have used the former, since access to the latter requires licensing from the NSF. We tried to 
obtain the requisite license, but our request for a license was struck down because of disagreements 
over the wording of the license document, between NSF and University of Arizona lawyers. We hope 
to eventually get access to the confidential data after the long drawn argument between the 2 sides 
is resolved. However, for this dissertation we are carrying out all estimations with the public-use 
data set. The disdvantages of not having access to confidential data set, particularly with reference 
to our case, are: 

a. In the public-use data set, 'age' of the respondent is coded in 5 year intervals. That makes the 
'age' variable almost unusable. 

b. Only 4 engineering occupations - CM, CV, EL and MC are given. Other engineering categories 
are just grouped together as 'other' engineering. In the confidential data set, there is more detailed 
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are based on "best" coding of responses self-reported by respondents'^. The various 

occupation codes are listed in Appendix II at the end of this chapter. 

Dropping the observations that had incomplete information, or missing data, we 

finally obtain a sample of 2469 individuals, each of whom has a B.S. or higher ed

ucational degree, and either works now or has worked in the past in engineering 

occupations. Distribution of the sample amongst the 4 engineering and 'other' or the 

residual category is as in Table 4.1. Approximately 75% of the individuals in the sam

ple are in the four engineering occupations in 1988, while that number reduces to 60% 

in 1993. Also notice that the number of individuals in each of the four engineering 

categories also drops between 1988 and 1993, suggesting that exit from engineering 

is a common phenomenon. 

The regressors used in the model include demographic information (minority sta

tus, gender and citizenship), work history (occupational category for past occupation 

and number of years of professional experience), and on educational attainment (like 

the highest degree obtained and major of first Bachelor's). Schmidt and Strauss(1975) 

found that controlhng for education and experience, race and sex strongly affect oc

cupational choice, suggesting race and sex-discrimination. However since their study 

and in fact typically most studies on occupational choice and/or mobility are based 

on relatively broader categories of occupations, we suspect that the impact of such 

variables on our estimates will be very mild. Moreover, in our sample, almost 90% of 

the respondents are men, and 93% are non-minorities. Table 4.2 lists the descriptive 

statistics of the regressors. 

Engineering, like pure sciences, are one set of professions that consist of a large 

coding of engineering occupations. 
c. The 'minority' status of the respondent is more detailed in the confidential data set. In the 

public use data there is only a '0' or '1' to the under-represented minority status. 
®For details on the "best" coding of occupation and education responses, see Appendix I. 
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proportion of foreign born^" individuals. We control for citizenship to be able to 

simulate differences in occupational switches between U.S. citizens compared to for

eigners. 

4.5 The Results 

The linear probability model estimates for the 'baseUne' or '5X5' case are presented in 

Table 4.3^'. The legendary heteroscedasticity of the linear probability models (LPM) 

is taken care of in the estimation by using the White's^^ procedure. If we look at the 

degree-level impact on the probabihty of being in any of the four engineering groups, 

we note that an individual with only a B.S. is less hkely to be in CM engineering 

compared to an individual with a Ph.D. However, individuals with only a B.S. are 

more Mkely to be in CV or MC engineering compared with individuals with a Ph.D. 

Foreign-born individuals are more likely to be in EL engineering than U.S. born 

individuals. Professional experience has a marginal but significant negative impact 

on being in MC engineering at any time, indicating insufficient returns to tenure 

in MC engineering. The cross-mobility effects amongst different engineering sub

groups are clearly negative. Stay rates in all engineering groups are positive, though 

^"According to the latest NSF reoprt (5&J5-Indicators 2004, NSF) approximately 20% of 1.5 
million engineers residing in the U.S. in 1999 were foreign-born. 

^^The multinomial logit estimation of the 5X5 case gives some implausible standard errors on 
the coefficients and are thus not reported. The estimations were tried on LIMDEP as well as 
on SAS econometric softwares. Since the likeUhood function for a multinomial logit should be 
straightforwardly concave, it was a surprise to see the very unbelievably large standard errors. The 
estimations did not break-down, they just gave the bad results. Even though the results have not 
been reported here, they can be furnished upon request. 

^^Thus while standard OLS will estimate the following covariance matrix for the estimated coef
ficients: Var[b]o/,s = s^(X'X)~^ 

White corrected covariance matrix will be: Var[b] = (r^(X'X)~^X'QX(X'X)^^ = E 
or, Est.Var[b] = {X'X)-\Y.7=iehi^'d(^'yi)~^ 
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they differ widely from one engineering group to the other. Thus more CM and CV 

engineers continue to be in CM and CV engineering respectively, compared with EL 

and MC engineers staying in their respective occupations. Notice, that given the 

LPM specification the coefficients in the 4 equations add up to the negative of the 

coefficient on the respective variable in the 5th equation, which is the equation for the 

'other' category. Thus if we sum up the coefficients on D3 in the 4 equations, we get 

-0.533. This means that the probabiHty of being in the 'other' category (i.e. non-4 

engineering groups) goes up by 0.533 if the past occupation was EL engineering. This 

represents the exit rate. Likewise for the remaining 3 engineering sub-groups we find 

dramatic diffusion of engineers into 'other' categories^^. 

Since our preferred econometric specification is the multinomial logit, we use the 

multinomial specification in the '4X4' model. Since the normalizing restriction on the 

parameters sets the values for parameters in the 'other occupations' category to zero, 

all the coefficients need to be interpreted as marginal contributions to the likelihood 

of the chosen regime relative to the alternative of joining any 'other' occupation. 

However since there is no direct correspondence between the coefficients and the 

marginal effects, and even the signs of the marginal effects may actually be different 

from that of the coefficients, we report the marginal effects too. The marginal effects 

were calculated at the sample means. The coefficients of this table are hsted in Table 

4.4, and its marginal effects in Table 4.5. The model performs very well, and has a 

predictive accuracy of 93%. Here the reference group is chemical engineering. 

In Table 4.5, while neither of the three demographic characteristics - gender nor 

minority nor US citizenship status, is significant, educational level represented by 

^^Remember, that the 'other' category is the residual regime, and it is extremely heterogenous. 
It contains not only 'other' engineering groups but also other science, management and academic 
groups. 
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the highest degree acquired is sometimes significant. In particular, the probability of 

being an electrical engineer decreases if the highest degree is B.S., but the probability 

of being a mechanical engineer increases if the highest degree is a B.S. The greater 

the professional experience the lower the probability of being a mechanical engineer. 

Interestingly enough past occupations are significant in almost all regimes. Clearly 

the probabihty of being in any regime is positively affected by having been in that 

same regime in the past period. Also, there seems to be no positive cross-mobihty 

impact of other engineering occupations on current occupations within the narrowly 

defined engineering sub-groups. Hence there is little mobility. In fact there is a 

greater tendency to stay in the same engineering sub-group. 

A LPM version of the '4X4' model was also estimated. The results are reported in 

Table 4.6. Most variables seem to have little impact, though the significant impacts 

of being in the same occupation in the past is very similar to most estimates we have 

obtained in the multinomial logit model. 

The above estimates are used to calculate the transition probabilities as well as 

the long-run distribution amongst different occupational sub-groups. The matrix of 

transition probabilities from the baseline LPM model is presented in Table 4.7. By 

the construction of the data-set, we have no observations in which the individual has 

no 'experience' in the four engineering sub-fields, i.e. every observation in the data set 

has been in any of the four engineering sub-fields either in the past occupation and/or 

in the current occupation. Thus the first entry of the matrix is approximately 0. The 

remaining four entries of the first column allow us to note the 'exit' rate of engineers 

from the four engineering sub-fields. Clearly approximately half the percentage of 

people exit their (chosen four) engineering occupations in a five-year period. However, 

exit is not the only form of mobility, and 'entry' into the four engineering sub-fields 
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can also be noted. In particular the remaining four entries of the first row, indicate the 

entry of people from 'other' groups to the four engineering fields respectively. Thus 

the greatest 'crowd-puller' is EL engineering, and CM engineering draws the least 

niimber of individuals from outside. The diagonal entries of the matrix indicate the 

stay rates, which are substantially higher compared to the off-diagonal non-lst column 

entries, which indicate the mobihty amongst the four sub-groups. In a comparative 

spirit, we see that while there is still marginal mobility among different sub-groups, 

there is almost zero mobility from CV to CM, EL to CV and MC to CV. 

The long-run distributions calculated from the transition matrix based on regres

sion estimates are presented in Table 4.8. The first columns of these tables shows the 

long-run distribution in the five regimes or categories that we used in the baseline 

model. The second column shows the long-run distributions in the four engineering 

fields conditional upon not being in any other category, or P|*= (P*/[l-Po]), where 

i = 1, 2, 3 or 4 , P*= long-run distribution in any of the four sub-categories, and 

Po= long-run distribution in 'other' category. As expected, since the stay rates and 

the inflow of individuals is biggest in EL engineering, the highest concentration of 

individuals is in EL engineering. This gets reflected in the long-run distributions as 

well, as seen in both the unconditional as well as the conditional distributions. 

The transition matrix obtained directly from the data is presented in Table 4.9. It 

very closely resembles the matrix obtained from the regression estimates. This verifies 

the correctness of the methodology employed to calculate the transition matrix from 

the regression estimates. The steady-state distributions calculated from the transition 

matrix based on the data are presented in Table 4.10. 

The matrix of transition probabilities from the '4X4' logit model is presented in 

Table 4.11 and the long-run distributions in Table 4.12. Also, we present the matrix 
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of transition probabilities from the '4X4' LPM model in Table 4.13 and the long-rim 

distributions in Table 4.14. The matrix of transition probabilities for the '4X4' model 

based on the data are presented in Table 4.15, and the long-nm distributions in Table 

4.16 

4.6 Simulation of Scenarios 

In this section we generate scenarios, and evaluate the estimates obtained in the 

preceding section to make a comparative analysis of mobihty rates amongst different 

sub-sets of the engineering population. Specifically, we simulate separate transition 

probabilities for males and females, minorities and non-minorities, and foreigners and 

non-foreigners. This is done by evaluating the estimated model at the sample means, 

except for the diunmy-variable signifying the scenario of interest, i.e. gender, minority 

or foreigner which is set either to lor to 0. This results in 6 such evaluations. Thus the 

variable 'male' is set to 1, when evaluating probabihties for males, and set to 0 when 

evaluating probabihties for females. Likewise, the variable 'minority' is set to 1, when 

evaluating probabilities for minorities, and set to 0 when evaluating probabilities for 

non-minorities, and the variable 'foreigner' is set to 1, when evaluating probabihties 

for foreigners, and set to 0 when evaluating probabihties for U.S.citizens. 

At this point, the greatest shortcoming of the LPM model compels us to abandon 

the use of the estimates and results of the 5X5 model. The disadvantage of the LPM 

model that we refer to here is the fact that it is not ensured whether all predicted 

probabilities will lie in the unit interval of 0 to 1. Indeed, when we use the 5X5 model, 

we end up getting some negative probabilities^"^. Therefore we base our simulations 

do not report the LPM based transition matrices for the 5X5 model under different scenarios 
here, but they can be provided by the authors upon request. 
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on the multinomial logit estimates of the '4X4' model. 

Tables 4.17 and 4.18 show the transition probability matrices for males and fe

males, Tables 4.19 and 4.20 show the transition probability matrices for minorities 

and non-minorities, and Tables 4.21 and 4.22 show the transition probability matrices 

for foreigners and U.S. citizens, in the multinomial logit based '4X4' model. 

Prom the transition matrices, the 'stay' rates are calculated. 'Stay rate' for a 

particiilar demographic type and an occupational category is the corresponding di

agonal entry in the '4X4' model. Before we begin to interpret the various mobility 

patterns, we must remind ourselves that the sample under consideration consists of 

individuals who were employed in both periods, and thus exit here in no way implies 

exit from the labor force. In the baseline model, when individuals do not move to 

any of the four identified engineering groups, they move to yet another occupational 

group, which may be a position in management, academia, or some other science and 

engineering group. Thus mobility here is to be interpreted purely as transition to 

a different occupational type. However since we do not have transition matrices for 

the baseline case, we wiU not be able to say a lot about exit from the engineering 

occupation. 

The '4X4' model allows us to look at the degree of transferability of skills amongst 

the four engineering groups being studied. Even though the cross engineering effects 

are small, they vary by sub-fields for each demographic type. Hence on restricting 

mobility to movement amongst the four engineering groups, females and foreigners 

show higher stay rates while minorities show smaller stay rates compared with males, 

U.S. citizens and non-minorities respectively in civil and mechanical engineering (Figs. 

4.2 and 4.3). Females and foreigners exliibit lower stay rates and minorities exhibit a 
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higher stay rate compared with males, U.S. citizens and non-minorities respectively 

in chemical engineering (Fig. 4.4). Electrical engineering is interestingly different 

from the rest, since foreigners and minorities exhibit higher stay rates and females 

exhibit a smaller stay rate compared with U.S. citizens, non-minorities and males 

respectively (Fig. 4.5). In the same spirit of looking at transferability of skills, we use 

the transition matrices to trace the destinations of different engineers amongst the 3 

other engineering group. Thus Figs. 4.6, 4.7, 4.8 and 4.9 show the extent to which 

particular engineers can transition to other engineering groups. For example, Fig. 4.6 

plots the transition probabilities for CM engineers transitioning into the three other 

engineering groups (CV, EL and MC). We plot these for the different demographic 

groups. 

The proximity of different engineering groups to one anther, is noted through the 

ease of transition, or the transition probability. EL and MC engineering are closet 

to each other amongst the four engineering groups. This is because irrespective of 

the demographic type, an EL engineer shows maximum transition probability for MC 

engineering (Fig. 4.8), and a MC engineer shows maximimi transition probability for 

EL engineering (Fig. 4.9). Such a clear-cut inference can not be made for CM or CV 

engineering. Though it can be noted that CM engineering is definitely furthest from 

MC engineering, since irrespective of the demographic type, a CM engineer's proba

bility of transitioning to MC engineering is lower than the probabihty of transitioning 

to EL or CV engineering. Likewise, a CV engineer, irrespective of the demographic 

type, shows a lower probability of transitioning to CM engineering, compared to the 

probability of transitioning to EL or MC engineering. Thus amongst the four engi

neering sub-fields we have considered, it appears that MC and EL engineering sMlls 

can be acquired relatively easily even when an individual has been trained in totally 
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different engineering skills. 

4.7 Conclusion 

We set out to understand the extent of transferability of skills amongst engineers. 

Such transferability of skiUs should manifest itself ia occupational mobility of engi

neers across engineering occupations. Thus we focus on a data set that allows us 

to observe engineers moving across occupations through their professional lives. In 

particular, we model current occupation as a function of past occupation. Using a 

combination of Logit and Markov probability models, we estabhsh that there is little 

mobility amongst different engineering groups. A conclusion of such an inference is 

that 'engineering' is a broad category and its not always correct to group all engineers 

as one. Our results also show that there is a fair amoimt of exit from the engineering 

profession. This could possibly be due to obsolescence in the skill-set of engineers. 

We also simulate occupational mobility scenarios for different demographic types, 

and conclude that women have a higher exit rate from engineering compared to men. 

This is exit from engineering, not exit from the labor market. Thus women engineers 

have a higher chance of leaving the engineering profession compared to men. Addi

tionally exit rates from different engineering fields differ for the same demographic 

types. The pohcy impMcations of this research are the following: 

a. Since engineers do not exhibit a great amount of mobility across different 

engineering sub-fields, a policy that impacts the production/supply of one type of 

engineer is likely to not impact the supply of another type of engineer very drastically. 

Thus policies will need to be tailored for the specific engineering type. However, to 

the extent that engineers show marginal mobility, it was found that MC and EL 
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engineering occupations are easier to move into from any engineering background, 

compared to CM or CV engineering. 

b. The fact that, engineers 'do not remain' engineers for their entire career, and in 

fact they exhibit vast amount of exiting from the engineering profession, underscores 

the importance of replenishing the pool of engineers. Production of engineers at the 

degree levels is one such source of engineers supply. 



1988 1993 

Number of in 'CM engineering' 
291 228 

Number in 'CV engineering' 
348 276 

Number in 'EL engineering' 
672 552 

Number in 'MC engineering' 
537 434 

Total Proportion in the above 4 sub-fields 
0.75 0.60 

Number in 'Other Occupations, including 
other engineering' 621 979 

Table Distribution of Occupations (1988, 1993) 
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Variable Name Variable Descriotion Number in Samole 

BS 

Highest Degree is a B.S. 
(0/1 variable) 1064 

MS 
Highest Degree is an M.S. 

(0/1 variable) 479 

PHD 
Highest Degree is a Ph.D. 

(0/1 variable) 926 

FOREIGN 
Foreign Citizen 

(l=Foreigner, 0 = U.S. Citizen) 421 

MINREP 
Under-represented Minority 

(l=Minority, 0 = non-Minority) 200 

MALE 
Sex 

(l=Male, 0 = Female) 

Male 2222 

MALE 
Sex 

(l=Male, 0 = Female) 

Female 247 

Mean 
Standard 
Deviation 

EXPFTPB 
Full-Time Professional 
Experience (in years) 12.80 9.67 

Table ^.2: Descriptive Statistics (N=:2469) 
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Regressors 
Occupation (in time t) 

Regressors 
Chemical 

Engineering 
Civil 

Engineering 
Electrical 

Engineering 
Mechanical 
Engineering 

Constant 0.141 
[0.0260] 

0.114 
[0.0223] 

0.348 
[0.0330] 

0.270 
[0.0292] 

MALE 
0.020 

[0.0193] 0.006 
[0.0170] 

0.038 
[0.0233] 

0.032 
[0.0208] 

BS 
-0.040 

[0.0132] 0.036 
[0.0132] 

0.018 
[0.0180] 

0.061 
[0.0163] 

MS 
-0,021 

[0.0148] 
0.042 

[0.0161] 
-0.008 

[0.0213] 
0.022 

[0.0186] 

FOREIGN 0.012 
[0.0158] 

0.036 
[0.0151] 

0.064 
[0.0215] 

0.018 
[0.0191] 

EXPFTPB 0.000 
[0.0006] 

0.001 
[0.0007] 

-0.001 
[0.0008] 

-0.001 
[0.0008] 

MINREP -0.015 
[0.0185] 

-0.007 
[0.0210] -0.021 

[0.0272] 
-0.018 

[0,0225] 

D1 
(Chemical 

Engineering) 

0.308 
[0.0322] 

-0.143 
[0.0156] 

-0.374 
[0.0209] 

-0.301 
[0,0191] 

D2 
(Civil 

Engineering) 

-0.131 
[0.0141] 

0.319 
[0.0304] 

-0.378 
[0.0206] 

-0.296 
[0.0202] 

D3 
(Electrical 

Engineering) 

-0.131 
[0.0141] 

-0.153 
[0.0149] 0.051 

[0.0274] 

-0.300 
[0.0192] 

D4 
(Mechanical 
Engineering) 

-0.121 
[0.0147] 

-0.150 
[0.0153] 

-0.376 
[0.0204] 

0.101 
[0.0282] 

Number of Observations 
2469 

• Heteroscedasticity corrected standard errors are in square brackets below the coefficients. 
® Bold implies significant at the 5% level 
® The Co-efficients for the reference category (here 'other') can be calculated as negative of the sum 

of the coefficients on the respective variable from the 4 equations except for the constant term 
which is 1 minus the sum of constants in the 4 equations. 

Table 4-3-' Linear Probability Model (5X5) Occupational Mobility Results (Reference 
Group: Other science/engineering occupations, i.e. not Chemical, Civil, Electrical or Me
chanical Engineering) 
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Regressors 
Occupation (in time t) 

Regressors 
Civil 

Engineering 
Electrical 

Engineering 
Mechanical 
Engineering 

Constant -3.942 
[1.248] 

-3.355 
[1.119] 

-4.124 
[1.357] 

MALE -1.005 
[1.107] 

-0.614 
[1.038] 

-0.978 
[1.062] 

BS 1.113 
[0.807 

0.031 
[0.705] 

1.210 
[0.702] 

MS 0.922 
[0.903] 

-0.579 
[0.802] 

0.389 
[0.770] 

FOREIGN 1.304 
[0.859] 

0.907 
[0.766] 

0.893 
[0.773] 

EXPFTPB -0.021 
[0.032] 

-0.020 
[0.029] 

-0.065 
[0.027] 

MINREP -0.347 
[1.125] 

0.668 
[1.016] 

-0.613 
[1.041] 

D2 
(Civil Engineering) 

9.374 
[1.281] 

5.452 
[1.311] 

7.046 
[1.515] 

D3 
(Electrical Engineering) 

3.907 
[1.094] 

8.480 
[0.860] 

5.835 
[1.216] 

D4 
(Mechanical Engineering) 

3.855 
[0.987] 

4.184 
[0.854] 

8.656 
[1.132] 

Number of Observations 874 

Percent correctly predicted 
93% 

Log-likelihood value 
-248.7598 

Pseudo R-squared 
.788 

® Standard errors are in square brackets below the coefficients 
o Bold implies significant at the 5% level 

Table 4-4- Multinomial Logit (4X4) Occupational Mobility Results (Reference Group: 
Chemical Engineering) 
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Regressors 
Occupation (in time t) 

Regressors 
Chemical 

Engineering 
Civil 

Engineering 
Electrical 

Engineering 
Mechanical 
Engineering 

MALE 0.085 
[0.100] 

-0.044 
[0.102] 

0,04 
[0.179] 

-0.08 
[0,145] 

BS -0.064 
[0.067] 

0.086 
[0.078] 

-0.22 
[0,125] 0.199 

[0,104] 

MS 0.0002 
[0.075] 

0.137 
[0.087] 

-0.252 
[0.142] 

0,115 
[0.114] 

FOREIGN -0.102 
[0.075] 

0.067 
[0.077] 

0.024 
[0.127] 

0.012 
[0.105] 

EXPFTPB 0.004 
[0.003] 

0.002 
[0.003] 

0.005 
[0.005] 

-0.01 
[0.004] 

MINREP -0.007 
[0.099] 

-0.06 
[0.099] 

0.266 
[0,166] 

-0.198 
[0.146] 

D2 
(Civil 

Engineering) 

-0.703 
[0.151] 

0.522 
[0.132] 

-0.173 
[0.252] 

0.354 
[0.244] 

D3 
(Electrical 

Engineering) 

-0.722 
[0.172] 

-0.31 
[0.147] 

1.082 
[0.203] 

-0.049 
[0.245] 

D4 
(Mechanical 
Engineering) 

-0.595 
[0.155] 

-0.162 
[0.135] 

-0,335 
[0.226] 1.093 

[0.194] 

® Standard errors are in square brackets below the coefficients 
» Bold implies significant at the 5% level 

Table 4-5: Marginal Effects for (4X4) Multinomial Logit Occupational Mobility Model (Ref
erence Group: Chemical Engineering) 
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Regressors 
Occupation (in time t) 

Civil 
Engineering 

Electrical 
Engineering 

Mechanical 
Engineering 

Constant 0.009 
[0.013] 

0.021 
[0.028] 

0.030 
[0.018] 

MALE -0.008 
[0.008] 0.003 

[0.021] 

-0.011 
[0.017] 

BS 0.010 
[0.015] 

-0.025 
[0.017] 

0.030 
[0.018] 

MS 0.021 
[0.016] 

-0.031 
[0.019] 

0.011 
[0.019] 

FOREIGN 0.013 
[0.012] 

0.006 
[0.015] 

0.000 
[0.014] 

EXPFTPB 0.000 
[0,001] 

0.001 
[0.001] 

-0.002 
[0.001] 

MINREF -0.009 
[0.018] 0.039 

[0.024] 
-0.024 
[0.019] 

D2 
(Civil Engineering) 

0.912 
[0.022] 0.008 

[0.017] 
0.029 

[0.019] 

D3 
(Electrical Engineering) 

-0.008 
[0.012] 

0.932 
[0.017] 

0.018 
[0.012] 

D4 
(Mechanical Engineering) 

0.001 
[0.014] 

0.017 
[0.016] 

0.904 
[0,020] 

Number of Observations 
874 

» Heteroscedasticity corrected standard errors are in square brackets below the coefficients 
» Bold implies significant at the 5% level 
» The Co-efficients for the reference category (here 'chemical') can be calculated as negative of the 

sum of the coefficients on the respective variable from the 3 equations except for the constant term 
which is 1 minus the sura of constants in the 3 equations. 

Table 4-^- Linear Probability Model (4X4) Occupational Mobility Results (Reference 
Group: Chemical Engineering) 
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'Other' 
Occupations(t) CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

•Other" 
Occupations 

(t-1) 
0.003 0.137 0.158 0.389 0.313 

CM Eng.{t-1) 0.513 0.444 0.015 0.015 0.013 

CV Eng. (t-1) 0.488 0.006 0.477 0.011 0.018 

EL Eng. (t-1) 0.536 0.005 0.005 0.440 0.013 

MC Eng.(t-I) 0.549 0.016 0.008 0.014 0.414 

Table J,..!: Transition probabilities based on the regression estimates from (5X5) Linear 

Probability Model 

Unconditional 
Distribution 

Conditional 
Distribution* 

'Other' Occupations 0.3464 -

CM Engineering 0.0940 0.1438 

CV Engineering 0.1128 0.1725 

EL Engineering 0.2503 0.3829 

MC Engineering 0.1961 0.3000 

* Conditional Distribution for Occupation i = [Unconditional Distribution for occupation i/( 1 - Unconditional 
Distribution for 'other' occupations)] 

Table 4--8: Long-run Distribution of Occupations based on the 5x5 Linear Probability Model 
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'Other' 
Occupations(t) 

CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

'Other-
Occupations 

(t-1) 
0.000 0.136 0.159 0.391 0.314 

CM Eng.{t-1) 0.531 0.449 0.007 0.010 0.003 

CV Eng. (t-1) 0.484 0.003 0.481 0.011 0.020 

EL Eng. (t-1) 0.536 0.006 0.004 0.440 0.013 

MC Eng.(t-I) 0.545 0.015 0.009 0.015 0.416 

Table 4-9: 5X5 Transition probabilities based on the data (N=2469) 

Unconditional 
Distribution 

Conditional 
Distribution* 

'Other' Occupations 
0.34622 

-

CM Engineering 
0.09414 

0.1439 

CV Engineering 
0.11267 

0.1723 

EL Engineering 
0.25088 

0.3836 

MC Engineering 0.19608 0.2998 

* Conditional Distribution for Occupation i = [Unconditional Distribution for occupation i/(l- Unconditional 
Distribution for 'other' occupations)] 

Table 4-10: 5X5 Long-run Distribution of Occupations based on the data (N=2469) 



143 

CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-I) 0.961 0.015 0.018 0.006 

CV Eng. (t-1) 0.005 0.936 0.021 0.038 

EL Eng. (t-1) 0.011 0.009 0.956 0,024 

MC Eng.(t-1) 0.026 0.019 0.029 0.927 

Table Transition probabilities based on the 4X4 Multinomial Logit Model Regressions 

Unconditional Distribution 

CM Engineering 0.26171 

CV Engineering 0.18320 

EL Engineering 0.32392 

MC Engineering 0.22024 

Table 4-i^- Long-run Distribution of Occupations based on the 4X4 Multinomial Logit 
Model regression estimates 
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CM Eng.(t) CV Eng.{t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-1) 0.955 0.019 0.017 0.010 

CV Eng. (t-1) 0.006 0.930 0.024 0.039 

EL Eng. (t-1) 0.013 0.010 0.949 0.028 

MC Eng.(t-I) 0.033 0.020 0.034 0.914 

Table 4-13: Transition probabilities based on the regression estimates from 4X4 Linear Prob

ability Model 

Unconditional Distribution 

CM Engineering 
0.27263 

CV Engineering 0.17551 

EL Engineering 0.33859 

MC Engineering 0.22419 

Table 4-M' Long-run Distribution of Occupations based on the 4X4 Linear Probability 

Model 
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CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-I) 0.956 0.015 0.022 0.007 

CV Eng. (t-1) 0.006 0.933 0.022 0.039 

EL Eng. (t-1) 0.013 0.010 0.949 0.029 

MC Eng.(M) 0.033 0.020 0.033 0.914 

Table 4-15: 4X4 Transition probabilities based on the data (N=874) 

Unconditional Distribution 

CM Engineering 0.27596 

CV Engineering 0.17567 

EL Engineering 0.33372 

MC Engineering 0.21466 

Table 4-16: 4X4 Long-run Distribution of Occupations based data (N=874) 
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CM Eng.(t) CV Eng.(t) EL Eng.( t| MC Eng.(t) 

CM Eng.(t-1) 0.96 0.01 0.02 0.01 

CV Eng. (t-1) 0.01 0.93 0.02 0.04 

EL Eng. (t-1) 0.01 0.01 0.96 0.02 

MC Eng.(t-1) 0.03 0.02 0.03 0.92 

Table 4^.17: Male -Transition probabilities based on the 4X4 Multinomial Logit Estimation 

CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-I) 0.92 0.03 0.03 0.01 

CV Eng. (t-1) 0.00 0.94 0.02 0.04 

EL Eng. (t-1) 0.01 0.01 0.95 0.03 

MC Eng.(t-1) 0.01 0.02 0.02 0.95 

Table 4-18: Female -Transition probabilities based on the 4X4 Multinomial Logit Estimation 
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CfVI Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-1) 0.95 0.01 0.03 0.00 

CV Eng. (t-1) 0.01 0.91 0.05 0.03 

EL Eng. (t-1) 0,01 0.00 0.98 0.01 

MC Eng.{t-1) 0.04 0.02 0.09 0.85 

Table 4-19: Minority - Transition probabilities based on the 4X4 Multinomial Logit Esti

mation 

CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-I) 0.96 0.01 0.02 0.01 

CVEng. (t-1) 0.01 0.94 0.02 0.04 

EL Eng. (t-1) 0.01 0.01 0.95 0.03 

MC Eng.(t-1) 0.02 0.02 0.03 0.93 

Table 4-^0: Non-Minority/White-Transition probabilities based on the 4X4 Multinomial 

Logit Estimation 
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CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-1) 0.92 0.04 0.03 0.01 

CV Eng. (t-1) 0.00 0.95 0.02 0.03 

EL Eng. {t-1) 0,01 0.01 0.96 0.02 

MC Eng.(t-1) 0.01 0.03 0.03 0.93 

Table Foreigner-Transition probabilities based on the 4X4 Multinomial Logit Estima

tion 

CM Eng.(t) CV Eng.(t) EL Eng.( t) MC Eng.(t) 

CM Eng.(t-I) 0.97 0.01 0.01 0.01 

CV Eng. (t-1) 0.01 0.93 0.02 0.04 

EL Eng. (t-1) 0.01 0.01 0.95 0.02 

MC Eng.(t-1) 0.03 0.02 0.03 0.92 

Table U.S. Citizen - Transition probabilities based on the 4X4 Multinomial Logit 

Estimation 
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Figure 4-1'- Age distribution of labor force with S&E highest degree, by degree level: 1999 
(Data Source: NSF-S&E Indicators, 2004) 
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Figure i.2: Stay Rates in Civil Engineering by Gender, U.S. Citizenship and Minority-status 
(based on 4X4 multinomial logit model) 

us CHizens/Foreisners Wh(tes/Mlnorifle» 

Figure J^.3: Stay Rates in Mechanical Engineering by Gender, U.S. Citizenship and 
Minoritj'-status (based on 4X4 multinomial logit model) 



151 

I 
|01st entry 

[B2nd entry 
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Figure 4-4- Stay Rates in Chemical Engineering by Gender, U.S. Citizenship and Minority-
status (based on 4X4 multinomial logit model) 
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Figure 4-5: Stay Rates in Electrical Engineering by Gender, U.S. Citizenship and Minority-
status (based on 4X4 multinomial logit model) 
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Figure 4-6: Chemical Engineer's Other engineering destinations (by Gender, Minority-status 
and U.S. Citizenship) 
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Figure J^.l: Civil Engineer's other engineering destinations (by Gender, Minority-Status and 
U.S.Citizenship) 

Where can an EL engineer go, besides EL engmeering?(by gender, race and citizenship) 

DMC 
BCV 
QCM 

0.02 

Transition Probability 

Figure ^.8: Electrical Engineer's Other Engineering Destinations (by Gender, Minority-
status and U.S. Citizenship) 
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Figure ^.9: Mechanical Engineer's Other Engineering Destinations (by Gender, Minority-
status and U.S. Citizenship) 

4. A Appendix I 

SESTAT "best" coding of Occupation and Education responses (source: SESTAT); 
Occupation and Education "Best" Coding 
The purpose of "best coding" procedures for occupation and degrees was to correct 

respondent reporting problems. Typical respondent errors included such things not 
making a code entry or not reviewing the entire list before making a selection. Recur
ring problems were found with respondents distinguishing managerial and teaching 
occupations 

Special coding procedures were developed to increase the data quaUty and com-
parabiUty for occupation and education codes. In most cases, the respondents self-
selected their occupation and education categories from job and education code lists 
at the end of the questionnaire. The remainder were chosen by CATI (Computer 
Assisted Interviewing) respondents through a series of questions that began with the 
broad categories and narrowed the selection to the specific category. 

The special coding procedures focused on correcting respondent reporting errors. 
However, an important "best coding" rule was that the coder should not change the 
respondent chosen code unless there was clear evidence that the respondent's choice 
was incorrect. 

During "best coding" the coder reviewed a variety of respondent-provided infor
mation and used standardized references and procedures. 

The "best code" for occupation was determined by reviewing factors such as 
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Respondent's open-ended (verbatim) response and self-selected code 
Employer name and address 
Type of employer: educational institution, business, government, etc. 
Business of primary employer 
Number of people respondent supervised directly and indirectly 
Relationship between respondent's work and highest degree 
Field and level of degrees held by respondent 
Primary, secondary and other work activities 
Salary 
For CATI respondents only - which broad category was chosen first 
For SDR respondents only - tenure status 
Marginal or interviewer notes where available 
Occupational information from prior years 
The "best code" for a degree held by the respondent was determined by using one 

of two "flow charts." One flow chart outlined the procediures for dealing with verbatim 
responses that list one major field of study. The other flow chart outlined the coding 
procedures for a response that gave more than one field of study. These flow charts 
standardized the coding procedures and gave special procedures for situations involv
ing exact verbatim matches; handhng single, broad, or nonspecific field matches; and 
rules for assigning the most specific NSF education code. "Best codes" for education 
were assigned after determining whether the respondent selected a code that was too 
general, transposed the code numbers, or wrote the numbers incorrectly. Education 
codes were not "best-coded" in three cases: if the respondent-selected code was more 
specific than the respondent verbatim and both verbatim and code are in the same 
field; if the verbatim response was more specific than the self-selected code, and both 
were in the same field; or if the verbatim response and the selected code fell imder 
the same broad educational category. Only when it was evident that the self-code 
was incorrect was a "best code" assigned. 

"Other, Specify" Coding 
The purpose of editing "other, specify" responses was to identify responses that be

longed in specific existing categories. This procedirre is caUed "back-coding." "Other, 
specify" responses often fell into one of the following categories: an existing response 
category; legitimate "other" response; or not a legitimate response (i.e. does not an
swer the question). Other responses that fell into the first category were back-coded. 

4.A Appendix II 

SESTAT Occupation Codes: 
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What are the occupation codes in SESTAT? What do they represent? Are they 
SlCcodes? 

-No. Infact as SESTAT defines: 
"Occupation Major Group for Principal Job = This data element represents major 

occupation group and is derived from the first character of the SESTAT 6-character 
occupation code. The 6-character occupation codes use the following schema: 

-the first position contains a numeric character which represents the major occu
pation group 

-the first and second positions contain numerics which collectively represent the 
minor occupation group 

-positions three through five contain numerics which represent the original occu
pation code 

-the last position, position six, may or may not be used; if used, it contains a 
character to flag certain situations 

Occupation Codes and Groups 
The following is a fist of the major group of occupation categories: 
Computer and Mathematical Sciences (Major Code = 1) 
Life and Related Sciences (Major Code = 2) 
Physical and Related Sciences (Major Code = 3) 
Social and Related Sciences (Major Code = 4) 
Engineering (Major Code = 5) 
Non-S&E (Major Code = 6) 
Other categories (Major Code = 9^ 
520850 Chemical Engineering 
530860 Civil Engineering 
540890 Electrical Engineering 
560940 Mechanical Engineering 

Also, the following codes need to be kept in mind while compiling the sample 
999989 Logical skip 
999979 Survey exclusion/confidentiality 
69999S Non-science/Engineering group 
695000 Other occupations, i.e. occupations not hsted in the survey 

4.A Appendix III 

About SESTAT 1993 data-set (from the NSF web-page): 
There are 207,825 observations on the 1993 SESTAT database: [148,905 from the 

National Survey of College Graduates;19,426 from the National Survey of Recent 
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College Graduates; 39,494 from the Survey of Doctorate Recipients; 126,721 in the 
SESTAT integrated file] 

The 1993 National Survey of College Graduates (NSCG) was conducted by the 

Bureau of the Census. The 1993 survey was a once-a-decade survey of all college 

graduates, both S&E and non-S&E. It includes information on people who held a 

bachelor's degree or higher in any field on or before April 1, 1990. In subsequent 

years, the NSCG only included a follow-up of individuals in some degree levels and 

fields. The 1993 National Survey of Recent College Graduates (NSRCG), conducted 

by Westat, Inc., includes information on people who received a bachelor's or master's 

degree in a science or engineering (S&E) from a U.S. institution between April 1, 

1990 and June 30, 1992. The 1993 Survey of Doctorate Recipients (SDR), conducted 

by the National Research Council, includes information on people who received a 

doctorate degree in a S&E field from a U.S. institution prior to July 1, 1992. 
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Chapter 5 

CONCLUSION TO THE DISSERTATION 

The research ciilminating in this dissertation hopes to shed a better hght on how the 

intellectual property rights regime can influence the incentives to patent. Addition

ally, we also contribute to the current debate about the relevance of one-size-tits-all 

IPRs in the context of new technologies, like software. While the study highhghts 

the trend that in the pro-patent regime, patenting in the software industry is largely 

a function of the size of the firm, not much could be commented upon the quality 

of the patents. An interesting sequel to my current study woiild be the analysis of 

what patent-holders are doing with their patents- cross-licensing or htigating? In the 

presence of strengthened patent-rights whUe cross-licenses imply a difi^usion of tech

nology, a phenomenon very crucial in a cumiilative technology set-up, litigations will 

imply a stifling of innovation. Such an analysis can provide greater insight into how 

patent-policies must evolve with the evolution of technologies they seek to protect. 

In the essays on engineers, it was established that R&D performed by industry 

is a signal that engineering students react to. Thus more R&D expenditure in any 

one engineering sub-field will lead to production of more R&D degrees. Also, we 

saw that engineers show far greater mobility in terms of switching amongst different 

engineering majors educationally, than occupation ally. Thus we can infer that engi

neering ski Us at the training level are more transferable amongst different engineering 

sub-fields, than at the professional level. This explains the large exit rates from engi

neering occupations. For the supply of engineers this implies that any changes in any 
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engineering labor market, will not draw an immediate supply response from other 

engineers. However, to the extent that educational skills of engineers are transferable 

amongst different sub-fields, in the long run, many engineers will have transitioned 

to different engineering sub-fields via educational retraining. 

A few secondary issues related to the process of carrying out the above research, 

made this project even more enjoyable and enriching. This was particularly so while 

collecting data for the first two essays. Data on software patents are hard to come by, 

because most often it is very difficult for a non-expert to see from the patent claim 

whether it is the software or the machine or process associated with the software 

that is being patented. Moreover, software is patented by all sorts of firms, from 

those that produce only software, hke Microsoft, to those that produce anything, hke 

Whirlpool, which might patent the software that automates its washing machines. 

Thus identifying software patents is a difficult task. How I deal with this problem, is 

specified in the first essay. However the interesting snippet worth mentioning is that I 

did learn that there is only one person in the U.S. sub-continent, Gregory Aharonian, 

who claims that he can identify software patents. He runs an online journal called 

Internet Patnews. I corresponded with him, and I must mention his interesting reply 

to me: "Software patent is like pornography, you know it when you see it". Over time, 

I have seen few other papers cite Aharonian's patent counts too, lending credibility 

to his expertise on software patents. 

For the first essay on engineers, I needed data on annual starting salary of engi

neers. Even though my preferred salary variable would have been a starting salary, 

averaged over males and females, I had to end up using only the male starting salaries. 

To my utter surprise, up until 1968, data on starting salaries for female engineers was 

not collected at all. Even when the first printed survey on starting salaries for females 
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did come out in 1969, the salaries for females were listed not by curriculura, but by 

the type of position they took up. It was not until 1972 that women's salaries were 

reported by curriculum. Indeed it was very difficult for me to even imagine a time 

when there were so few women engineers that even maintaining data on them did not 

appear to be a viable exercise. Of course, now the female participation in engineering 

programs has increased dramatically, for example, in just civil engineering, the ratio 

of the number of Master's degrees granted to females compared to males, has gone 

up from , 5/921 in 1959 to 1,154/3,582 in 1998^. 

As poiuted out earlier in the dissertation, current work is comprehensive at this 

stage. However, this work does guide towards future research. Some areas that I 

clearly identify for future research beyond this dissertation include the following: a. 

Trying to imderstand what the patent holders are actually doing with the software 

patents-htigating or cross-hcensing? b. Looking at gender differentials in terms of 

occupational mobihty in engineers. It is hoped that the current work will thus prove 

to be an important reference for the future endeavour on research on patents and 

engineers. 

^Statistics computed from NSF's tabulation available at 
http: / / www.nsf.gov/sbe/srs/nsf04311/tables/tab29.xls 
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