
 

The market valuation of biotechnology firms and biotechnology R&D 
 

 
 
 
 John R. M. Hand Tel:  (919) 962-3173 
 Kenan-Flagler Business School Fax: (919) 962-4727 
 UNC Chapel Hill hand@unc.edu 
 Chapel Hill, NC 27599-3490 
 
  

Abstract 
 
This paper sheds light on how and why the stock market values high technology by examining 
the pricing of 606 publicly traded biotechnology firms.  Contrary to the common view that the 
primary value drivers of biotechnology are ‘soft’ variables such as intellectual human capital, 
patents, strategic alliances and joint ventures, I show that simple but ‘hard’ balance sheet, 
income statement, and statement of cash flows data explains some 70% of the variance in biotech 
firms’ equity market values within a log-linear regression framework.  Given the size and 
economic importance of R&D to biotech firms, I also analyze the mapping between the biotech 
firms’ R&D expenditures and equity market values.  I hypothesize that the elasticity of equity 
market value with respect to R&D is a function of five factors: where the R&D lies in the biotech 
value chain of discovery, development and commercialization; the growth rate in R&D 
spending; the scale of R&D expenditures; the human capital of the firm’s employees; and the age 
of the firm.  Using financial statement proxies for these factors, I find that the elasticity of 
biotech firms’ equity market values with respect to R&D is significantly larger the earlier is the 
R&D expenditure in the value chain, and the greater is the growth rate in R&D spending.  The 
value elasticity of R&D is also reliably decreasing in the scale of R&D expenditures, and the 
maturity of the firm. 
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1. Introduction 
 
Despite its size and public importance, little academic research has sought to empirically 

identify or analyze the determinants of the equity market values of a growing high technology 

sector of the U.S. economy—that of biotechnology.  The goal of this paper is to take some initial 

steps toward obtaining that understanding by shedding light on how financial statement data in 

general, and R&D expenditures in particular, associate with biotech firms’ equity market values, 

and why from an economic point of view such associations exist. 

Broadly speaking, technology is the application of the scientific method and scientific 

knowledge to industrial or commercial objectives.  Biotechnology is the application of 

technology, particularly genetics, to industrial or manufacturing aspects of the life sciences.  

Biotechnology applications include the production of drugs, synthetic hormones and bulk 

foodstuffs; the bioconversion of organic waste; and the use of genetically altered bacteria. 

Biotechnology falls squarely within the definition of high technology because ‘high’ 

technology distinguishes itself from ‘low’ technology by having three special characteristics: an 

intensive investment in R&D, a crucial role for knowledge capital in creating value, and high 

growth opportunities (Liu, 2000).  The largest and most important components of a biotech 

firm’s production and investment functions are its R&D expenditures and the discoveries made 

by the knowledge and skill of its bioscientists and bioengineers.  When successful, this 

knowledge produces the intellectual property and legal patents that can rapidly translate into 

hundreds of millions of dollars in annual sales and profits, and/or a large equity market value. 

I analyze the relations between biotech firms’ equity market values and the financial 

accounting data that are publicly available from quarterly financial statements.  I do so with two 

goals in mind.  First, a common view is that the primary drivers and indicators of the value 

created by biotechnology are ‘soft’ variables such as intellectual human capital, patents, strategic 

alliances and joint ventures (e.g., Bratic, Tilton and Balakrishnan, 2000).  The validity of such a 

view, however, runs counter to much research in accounting that both theoretically and 

empirically concludes that ‘hard’ financial statement data should and do explain large amounts 

of the cross-sectional variation in firms’ equity market values.  As an accounting researcher, I am 

therefore interested in determining whether biotechnology firms are different in this regard than 

practically all other industries or types of firms, and if so, why. 

Second, because of the size and importance of R&D to biotech firms, I am also keen to 
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develop and test economic hypotheses about the mapping between the biotech firms’ equity 

market values and their R&D expenditures.  For reasons that I expand on later in the paper, I 

hypothesize that the elasticity of biotech firms’ equity market values with respect to their R&D 

expenditures (the “value elasticity of R&D”) will be a function of five factors: where the R&D 

lies in the value chain of discovery, development and commercialization; the growth rate in 

R&D spending; the scale of R&D expenditures; the human capital of the firm’s employees; and 

the maturity of the firm. 

I test these hypotheses using quarterly market and financial statement data on 606 U.S. 

biotech firms that were publicly traded at some time during the period 1989:q1–2000:q3.  For 

each quarter within the sample period, I estimate a log-linear regression of the equity market 

value of the firm on disaggregated balance sheet, income statement, and statement of cash flows 

data.  Disaggregating financial statement data is important for R&D intensive companies because 

under U.S. GAAP, R&D expenditures are not permitted to be capitalized and amortized into 

income over time, but must be immediately written off against earnings.  This means that 

aggregate balance sheet and income statement variables such as shareholder equity and net 

income are biased measures of the economic position and earnings of the firm.  Correlating such 

economically biased measures of economic position and earnings of the firm with equity market 

values typically results in severely misspecified regressions and counter-intuitive coefficient 

signs and magnitudes.  These problems are mitigated if the components of shareholder equity 

and net income are instead used as independent variables (Hand 2001a, Zhang 2000). 

My initial analysis therefore consists of regressing, within a contemporaneous log-linear 

framework, the equity values of biotech firms’ on their contributed capital, retained earnings and 

treasury stock (three key components of shareholder equity); revenues, cost of sales, selling 

general and administrative expenses, R&D expense (four key components of net income); and 

dividends (from the statement of cash flows).  I find that these financial statement variables 

together explain some 70% of the variance in biotech firms’ equity market values, casting doubt 

on the common view that the primary value drivers of biotechnology are ‘soft’ variables such as 

intellectual human capital, patents, strategic alliances and joint ventures.  Such soft variables 

may indeed be value-relevant—that is, incrementally informative in explaining cross-sectional 

variation in equity market values—but the strength of my results based on financial statement 

data suggests that they are unlikely to be the primary drivers of biotech firms’ stock prices. 
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Beyond the substantial value-relevance of basic financial statement data, I further employ 

the log-linear regression framework to test my hypotheses concerning the determinants of the 

value elasticity of R&D—namely where the R&D lies in the biotech value chain of discovery, 

development and commercialization; the growth rate in R&D spending; the scale of R&D 

expenditures; the human capital of the firm’s employees; and the age of the firm.  I develop 

financial statement proxies for each of these factors and interact them with R&D expense to 

determine whether the factors are value-relevant.  I find that the elasticity of biotech firms’ 

equity market values with respect to R&D is significantly larger the earlier is the R&D 

expenditure in the value chain, and the greater is the growth rate in R&D spending.  The value 

elasticity of R&D is also reliably decreasing in the scale of R&D expenditures, and in the 

maturity of the firm.  However, the value elasticity of R&D appears unrelated to proxies for both 

the quantity and quality of employee human capital, perhaps because the quantity and quality of 

employee human capital is not accurately captured through financial accounting metrics. 

I infer from these results that despite the typically huge uncertainty inherent in the 

production and investment functions of biotechnology companies, particularly with regard to 

R&D, investors appear to price the equity of such firms in a more sophisticated manner than 

would be supposed from a popular viewpoint.  Investors map the components of shareholder 

equity and net income into equity market values for biotech firms in similar directions to non-

biotech firms.  Investors also seem to value the key R&D intangible in a manner that recognizes 

the stage that the firm’s R&D is at in the value chain, the likelihood the firm will obtain property 

rights on its R&D, and the firm’s maturity.   Such sophistication would seem to bode well for the 

growth of and accurate capital allocation in this growing area of high technology. 

The remainder of the paper proceeds as follows.  Section 2 briefly explains the major 

attributes of biotechnology, and summarizes prior research on biotechnology firms and the stock 

market’s valuation of R&D.  Section 3 more fully develops the hypotheses and required proxy 

variables outlined above, while section 4 describes the sample identification and data 

requirements processes and reports descriptive statistics for the firm-quarters used in the study.  

Section 5 motivates the regression model used to test the hypotheses on the sample data, and 

reports the results of my empirical tests and the inferences I draw from those results.  Section 6 

concludes. 
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2. Biotechnology and R&D 
 
2.1 Technology 
 
 The American Heritage Dictionary defines technology as the application of the scientific 

method and scientific knowledge to industrial/commercial objectives.  More loosely, technology 

is the set of ways that humans can reconfigure physical objects by creating new recipes for their 

use.  Based on that definition, there is little doubt that science and technology—and the 

innovation they create—have in the past, and should in the future, generate new wealth.  The 

reconfiguring of physical objects that technology makes possible boosts productivity, spawns 

new opportunities for profit, and ultimately drives economic growth.  As Romer (1999) notes: 

 
In 1870, average real income per person in the U.S. was about $2,500.  By 1994, 
average income per person had increased to about $22,500, a nine-fold increase.  
Everything we know about history, technology and economic theory tells us that 
an increase of this magnitude would not have been possible in the absence of 
technological change.  We did not increase income per person by a factor of nine 
by accumulating more ox carts and water-driven mills. 

 
Due to Romer and other “new growth” theorists, technology is now recognized as playing a vital 

role in creating, sustaining and increasing economic growth.  Whereas earlier neo-classical 

growth theory treated scientific discovery, technology and innovation as peripheral in economic 

growth, the new growth view makes them endogenous and center-stage in importance.  

Assigning a primary role to scientific discovery, technology and innovation has helped shed light 

on how economic growth can be sustained and even accelerated in a physical world that is 

characterized by diminishing returns and scarcity (Romer, 1999). 

 
2.2 Biotechnology 
 

Broadly speaking, biotechnology is the application of technology to the life sciences.  

More carefully defined, biotechnology is a collection of techniques that use living cells or their 

processes to solve problems and to perform specific industrial or manufacturing processes.  

Applications include the production of drugs, synthetic hormones and bulk foodstuffs, the 

bioconversion of organic waste, and the use of genetically altered bacteria. 

Biotechnology per se is not new.  As noted by the North Carolina Biotechnology Center 

(www.ncbiotech.org), since early humans began selectively breeding the best plants and animals 
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thousands of years ago, biotech has improved people’s lives.  Bacteria and fungi helped make 

cheeses, bread and yoghurts.  However, modern biotechnology was launched in 1973 and 1975 

with the scientific breakthrough innovations of recombinant DNA and cell fusion, respectively.1  

Today, scientists use many biotech techniques to research new treatments for disease, create 

safer food products and formulate less damaging chemicals.  Biotechnology techniques allow 

researchers to insert into an organism a single gene—and the desirable traits it produces—

without also transferring other genes and undesirable traits.  Such bioengineering is more 

efficient, accurate and predictable than breeding whole organisms. 

Biotechnology falls squarely within the definition of high technology because ‘high’ 

technology distinguishes itself from ‘low’ technology by having three special characteristics: an 

intensive investment in R&D, a crucial role for knowledge capital in creating value, and high 

growth opportunities (Liu, 2000).  The largest and most important components of a biotech 

firm’s production and investment functions are its R&D expenditures and the discoveries made 

by the knowledge and skill of its bioscientists and bioengineers.  When successfully combined, 

these intangibles produce the intellectual property and legal patents that rapidly translate into 

hundreds of millions of dollars in annual sales and profits, and/or large equity market value. 

The biotech industry has emerged from its modest beginnings in the mid-1970s to be a 

significant force in the future of life sciences.  According to the Biotechnology Industry 

Organization (www.bio.org), more than 250 million people worldwide have been helped by the 

more than 117 biotechnology drug products and vaccines approved by the U.S. Food and Drug 

Administration (FDA).  There are now estimated to be more than 350 biotech drug products and 

vaccines currently in clinical trials targeting more than 200 diseases, such as various cancers, 

Alzheimer’s, heart disease, diabetes, multiple sclerosis, AIDS and arthritis.  Biotech is 

responsible for hundreds of medical diagnostic tests that keep the blood supply safe from the 

AIDS virus and detect other conditions early enough to be successfully treated.  Consumers 

already enjoy biotech foods such as papaya, soybeans and corn.  Hundreds of biopesticides are 

being used to improve the food supply and reduce farmers’ dependence on conventional 

chemical pesticides.  Environmental biotech products make it possible to clean up hazardous 

                                                 
1 The recombination of DNA (rDNA) first occurred in 1973 when H. Boyer and S. Cohen successfully introduced 
genetic material from one cell into the DNA structure of another cell.  In 1975, C. Milstein and G. Kohler were the 
first to employ cell fusion to create monoclonal antibodies.  Monoclonal antibodies are highly-purified proteins 
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waste more efficiently by harnessing pollution-eating microbes without the use of caustic 

chemicals.  DNA fingerprinting, a biotech process, has dramatically improved criminal 

investigation and forensic medicine, as well as significant advances in anthropology and wildlife 

management. 

The Biotechnology Industry Organization also estimates that as of December 1999 there 

were between 1,200 and 1,300 biotech firms in the U.S., of which more than a quarter were 

publicly held.  It also estimates that the U.S. biotech industry directly employs over 150,000 

people and indirectly generated almost 300,000 other jobs via companies supplying inputs, goods 

or services to the industry and biotech employees.  In terms of innovative output, the total 

number of patents granted to U.S. corporations, the U.S. government, and individuals in the U.S. 

has risen from 1,200 in 1985 to 5,500 in 2000 (U.S. Patent & Trademark Office, 2001).  The 

FDA, the EPA, and the USDA regulate the biotech industry. 

 
2.3 Economic research into biotechnology and R&D 
 
2.3.1 Biotechnology 
 
 Economic (as opposed to scientific) research in the area of biotechnology has been in two 

main areas: intellectual human capital, and strategic alliances.  Research directly into valuation 

has been infrequent.  I briefly review each area. 

First, in a notable series of papers, Michael Darby and Lynne Zucker have sought to 

understand the business implications of the substantial intellectual human capital held by 

biotechnology scientists, particularly the most productive star scientists.  Star scientists are 

scarce and immobile factors of production who are typically able to capture supranormal returns 

from their intellectual capital.  Zucker and Darby (1996) find that where and when U.S. star 

scientists were actively producing academic publications is a key determinant of where and when 

commercial firms began to use biotechnology.  In particular, the extent of collaboration by a 

biotech firm’s scientists with star U.S. bioscientists is a powerful predictor of the firm’s ultimate 

success along such dimensions as products in development, products on the market, and the 

number of people employed by the firm.  Audretsch and Stephan (1996) find that while many 

university-based scientists participate in geographic networks, 70% of the links between biotech 

                                                                                                                                                             
produced by the hybrid cell created by cell fusion.  Monoclonal antibodies serve as the body’s defense against 
disease-causing bacteria, viruses, and cancer cells (Kenney, 1986; Stuart, Hoang and Hybels, 1999). 
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companies and university-based scientists are nonlocal.  The links between scientists and 

companies seem to involve many dimensions, only one of which is knowledge transfer. 

Zucker and Darby (1998) also use detailed data on biotechnology in Japan to show that 

identifiable collaborations between particular university star scientists and biotech firms have a 

large positive impact on those firms’ research productivity as measured by patents and products 

on the market.  Zucker, Darby and Brewer (1998) examine the relations between the founding of 

U.S. biotech firms and several factors: the intellectual capital of star scientists, the presence of 

great university bioscience programs, and the presence of venture capital.  They find that the 

local number of highly productive star scientists that are actively publishing genetic sequence 

discoveries is the primary determinant of the timing and location of new biotech firms. 

 The second main area of research has sought to understand the causes and consequences 

of the strategic alliances among biotech firms, and between biotech firms and pharmaceutical 

companies.  Biotech firms enter into alliances for many reasons, including accessing another 

firm’s technology without actually purchasing the underlying assets; externally signaling an 

interorganizational endorsement; generating cash and revenue; and risk sharing.  Lerner and 

Merges (1998) examine the determinants of control rights in such alliances.  They argue and find 

evidence supportive of Aghion and Tirole’s (1994) proposition that the allocation of control 

rights to an R&D-intensive biotech firm increases with the firm’s financial resources, although 

the relation between control rights and the stage of the project at the time the alliance is signed is 

more ambiguous.  Robinson and Stuart (2000) posit that the stock of prior alliances between 

participants in the biotech industry produces a network through which information is transmitted, 

and that such a network serves as a superior governance mechanism to other forms of control in 

inter-firm transactions.  They find supportive evidence using the degree of equity participation 

and the amount of funding pledged in a sample of actual biotech alliance agreements. 

Insofar as the valuation of biotech firms is concerned, three studies are of note.  Stuart, 

Hoang and Hybels (1999) test the hypothesis that when faced with great uncertainty about the 

quality of young companies, third parties rely on the prominence of the affiliates of those 

companies to judge the quality.  They find very strong and consistent evidence that privately-

held biotech firms with prominent strategic alliance partners and organizational equity investors 

benefit from the transfer of status from those entities by going public faster and at higher 

valuations than do firms that lack such connections.  Darby, Liu and Zucker (1999) estimate the 
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values of star scientists and other intangibles using a technique based on option pricing, and find 

that such value estimates are positively correlated with biotech firms’ equity market values.  

Finally, Joos (2002) finds that the level and rate of growth in R&D expense, R&D success, and 

competitive structure all help explain cross-sectional variation in market-to-book ratios for a 

sample of 35 pharmaceutical drug manufacturers that operated in the pharmaceutical preparation 

industry over the period 1975-1998. 

 
2.3.2 R&D 
 

R&D has also been a strong topic of research across a wide variety of scholarly fields, 

including but not limited to economics, finance, and accounting.  Research has focused on two 

major questions that are relevant to this paper.  First, how large, if any, are the future economic 

benefits from R&D?  Over the years, many studies have documented that R&D spending 

increases future profitability (Grabowski and Mueller, 1978; Ravenscraft and Scherer, 1982; 

Sougiannis, 1994; Nissim and Thomas, 2000).  Recently, Kothari, Laguerre and Leone (2001) 

and Hand (2001b) have broadened the scope of this literature by investigating the riskiness and 

returns-to-scale of R&D.  Kothari, Laguerre and Leone show that R&D expenditures yield 

realized earnings that are more variable (i.e., benefits that are more uncertain) than do 

investments in PP&E, while Hand reports that expenditures on both R&D and advertising exhibit 

increasing profitability returns-to-scale in the sense that R&D and advertising are more profitable 

the larger are the magnitude of the expenditures made, particularly in the 1990s. 

The second question that has been asked by scholars is how accurately the future benefits 

of R&D are reflected in firms’ market values.  The evidence suggests that although the market 

recognizes that R&D has future benefits (Hall, 1993; Sougiannis, 1994; Lev and Sougiannis, 

1996), it does not price R&D in a completely efficient manner (Lev and Sougiannis, 1996; Chan, 

Lakonishok and Sougiannis, 2001; Chambers, Jennings and Thompson, 2001). 

 R&D has also become a fulcrum for those who argue that the recognition and disclosure 

rules for intangibles under U.S. GAAP are deficient and economically damaging.  The increasing 

prominence of R&D, brand and human capital intangibles in firms’ business strategies in the 

1990s has focused renewed attention on the inadequacies of SFAS No. 2.  For example, Lev 

(2000, 2001) and Aboody and Lev (2001) argue that the uniform expensing of R&D and the 

paltry quantity and quality of R&D-related disclosure are both increasingly indefensible from an 
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accounting standard setting point of view, and moreover create large information asymmetries 

that increase firms’ cost of capital and provide lucrative opportunities for insiders. 

 
3. Hypotheses 
 

My goal in this paper is to add to the relatively thin literature on the determinants of 

biotech firms’ equity market values.  I do so with two goals in mind.  First, a common view in 

the business world is that the primary drivers of the value created by biotechnology activities are 

‘soft’ factors such as the number and importance of patents; strategic alliances, partnerships and 

joint ventures; the intellectual human capital of employees, particularly star scientists; and 

investor sentiment (e.g., Bratic, Tilton and Balakrishnan, 2000).  The not infrequent lack of 

revenues and/or positive earnings leads many to conclude that biotech valuation is far more of an 

art than a science. 

Such a perspective implies that accounting data will be inferior to the soft variables listed 

above when it comes to explaining cross-sectional variation in the equity market values of 

biotech firms.  While this implication might be true, it would run counter to a great deal of 

accounting research that both theoretically and empirically concludes that financial statement 

data per se should and do explain large amounts of the cross-sectional variation in firms’ equity 

market values.  As an accounting researcher, I am therefore interested in determining whether 

biotechnology firms are different in this regard than practically all other industries or types of 

firms, and if so, why. 

Second, because of the size and importance of R&D to biotech firms, I am also keen to 

formulate and test economic explanations about the relations between biotech firms’ R&D and 

their equity market values.  In the subsections that follow, I present five factors that I 

hypothesize are determinants of the elasticity of biotech firms’ equity market values with respect 

to their R&D expenditures (the “value elasticity of R&D”), together with predictions as to the 

direction of their impact on the value elasticity of R&D.  The factors I propose as determinants 

are based on the scientific and regulatory nature of biotechnology and prior research in several 

areas of economics. 

 
3.1 Location of R&D in the biotechnology value chain 
 

The prototypical biotechnology value chain of discovery, development and 
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commercialization is a long one, stretching as far as fifteen years from beginning work on 

discovery to completing the regulatory review process and post-marketing testing.  The major 

technical steps in the biotech value chain are summarized and detailed in Figure 1.  They consist 

of discovery, pre-clinical testing, phase I trials, phase II trials, phase III trials, and FDA approval. 

I hypothesize that the earlier R&D expenditures lie in the value chain the greater will be 

the value elasticity of R&D.  This is because the earlier is R&D spending in the value chain, the 

riskier yet larger is likely to be its ultimate payoff.  The economic value of early stage R&D is 

heightened beyond a simple NPV viewpoint due to the presence of real options.  As shown in 

Figure 1, discovery stage biotech R&D lies at the beginning of the chain of scientific, technical 

and regulatory milestones along the way to obtaining patent protection of intellectual property.  

Early stage R&D therefore has more real option value than does later stage R&D because before 

it stretch options to accelerate vs. delay, expand vs. contract, abandon vs. continue, develop in-

house vs. subcontract, and go-it-alone vs. secure a strategic alliance—many of which occur not 

just once along the value chain but are repeated. 

I therefore predict that R&D expenditures that lie earlier (later) in the value chain will 

have a larger (smaller) value elasticity of R&D.  Following Cumming and Macintosh (2000) who 

find that early-stage Canadian biotech firms spend a greater proportion of their expenditures on 

R&D than do later-stage firms, the financial statement proxy I use for location in the value chain 

is the ratio of quarterly R&D expense to revenues. 

 
3.2 Growth rate of R&D spending 
 

I next hypothesize that holding constant the location of R&D spending in the value chain, 

firms whose R&D spending is growing faster will have higher value elasticities of R&D.  This is 

because a biotech firm seeking to discover and develop a new cure is in a race with competitors 

to be the first to make the discovery and secure patent protection of the successful intellectual 

property.  I argue that it is reasonable to suppose that the faster a biotech firm is able to ramp up 

its spending on R&D, the higher is the probability that it will win the race and thereby secure the 

winner’s supra-normal profits.  Using similar reasoning, biotech firms are also likely to spend 

R&D faster the larger is the anticipated size of the market for the winning intellectual property.  

The financial statement proxy I use for the speed with which a firm ramps up its R&D spending 

is the year-to-year growth rate in quarterly R&D expense. 
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3.3 Scale of spending on R&D 
 

In addition to the rate of growth in R&D spending, the scale of R&D spending may affect 

the value elasticity of R&D.  Most research from industrial economics suggests that innovative 

activities such as R&D may exhibit decreasing output-denominated returns-to-scale (Scherer, 

1980; Acs and Audretsch, 1987, 1988; Graves and Langowitz, 1993).  For example, Graves and 

Langowitz (1993) conclude that for firms in the pharmaceutical industry, increasing levels of 

R&D spending is positively related to the number of new chemical agreements (NCEs) 

produced, but at a decreasing rate.  The explanation favored by Graves and Langowitz for this 

result is that large R&D spending occurs in large companies, where bureaucracy, red-tape, and 

conservatism make it difficult for creative and inventive ideas to succeed.  On the other hand, a 

recent large-sample study by Hand (2001b) finds that R&D expenditures are on average 

characterized by increasing profitability returns-to-scale, and that this relation has strengthened 

in the 1990s relative to what it was in the 1980s.  Hand interprets his findings as being due to 

larger scale R&D expenditures leading to a disproportionately larger probability of obtaining a 

legal or natural monopoly on the innovation arising from the R&D.  In view of the mixed results 

in prior research, I do not predict the sign of any economies-of-scale effects on the value 

elasticity of R&D.  The natural financial statement proxy to use for the scale of R&D spending is 

the dollar amount of quarterly R&D expense. 

 
3.4 Value of employee’s human capital 
 
 I also evaluate the impact that employees’ knowledge and skill has on the value elasticity 

of R&D.  The intellectual human capital of bioscientists, particularly ‘star’ scientists, has been 

found to be an important determinant of where and when commercial firms began to use 

biotechnology and the ultimate success of biotech firms (Zucker and Darby, 1996). Estimates of 

the value of star scientists are positively correlated with biotech firms’ equity market values 

(Darby, Liu and Zucker, 1999).  Such results lead me to hypothesize that the value elasticity of 

R&D is increasing in the quantity and/or quality of employee human capital.  I measure the 

quantity of human capital employed by the firm using the total number of employees, and the 

quality of human capital by the ratio of selling, general and administrative expenses (SGA) to the 

number of employees.  One component of SGA is the salary cost of senior management and 
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scientists.  Although probably very noisy, I propose that the ratio of SGA to the number of 

employees will be proportional to the size of the average salary paid to senior management and 

scientists, and therefore a proxy for the quality of employee human capital. 

 
3.5 Age/maturity of the firm 
 

Finally, I examine the relation between the value elasticity of R&D and the age/maturity 

of the firm, but make no prediction as to the sign of the relation.  Firm maturity may enhance or 

hinder the value elasticity of R&D.  On the one hand, more mature biotech firms are less likely 

to attract the kinds of freewheeling star scientists who are best at discovery.  Highly creative 

individuals may become discouraged in mature firms, and as firms mature the best researchers 

may be promoted to supervisory or administrative positions, leaving less capable scientists to 

undertake scientific discovery (Graves and Langowitz, 1993).  On the other hand, more mature 

biotech firms are likely to have greater scientific and managerial experience; more extensive 

networks of strategic alliances with other biotech firms as well as pharmaceutical companies and 

universities; more sophisticated business advisors; and less financial risk.  I measure the maturity 

of a firm by the number of years it has been publicly traded. 

 
4. Firms and data 
 
 U.S. biotech firms that are or were publicly traded were identified through a variety of 

sources that were merged to create an initial master list of potential biotech companies.  The 

sources included both those that report information on currently traded biotech firms, and those 

that identify biotech firms that are no longer publicly traded, typically because of bankruptcy or 

acquisition.2  The former sources included www.biospace.com, www.recap.com, Robbins-Roth 

(2000), the NASDAQ biotech index ($NBI), the AMEX biotech index ($BTK), and the 

BioSpace biotech index ($BSP).  The latter sources consisted of Compustat, www.recap.com, 

and Robbins-Roth (2000). 

 The initial master list was then cross-matched with the quarterly Compustat database so 

as to only retain firms that were publicly-traded at the end of one or more fiscal quarters 

beginning 1989:q1 and ending 2000:q3, and that had the minimal financial statement data needed 

                                                 
2 Clearly, restricting the sample to only biotech firms that are currently traded in public equity markets would impart 
potentially severe selection biases. 
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for the study.3  The starting date of 1989:q1 is dictated by the fact that quarterly Compustat’s 

coverage of R&D only begins in the first quarter of 1989 (in contrast, annual Compustat reports 

annual R&D expense under Statement of Financial Accounting Standards No. 2 starting in 

1974).  The ending date of 2000:q3 is the most recent quarter for which there is full data.4  Due 

to the nature of the regressions I conduct in the next section of the paper, contributed capital, 

retained earnings, net income, revenues, cost of sales, dividends, and the end-of-fiscal quarter 

market value of common equity were required to be non-missing.  Furthermore, contributed 

capital, revenues, cost of sales, dividends, and the end-of-fiscal quarter market value of common 

equity were required to be non-negative.  Finally, and importantly, since the focus of this paper 

is biotech firms, large pharmaceutical (so-called “big-pharma”) firms in the master list were 

identified from www.phrma.org and Robbins-Roth (2000) and excluded. The final dataset 

consists of 606 different biotech firms with a total of 12,520 usable firm-quarter observations. 

Table 1 lists and defines the variables used in the study by their quarterly Compustat item 

numbers.  Income statement variables are shown in panel A, balance sheet and market-based 

variables in panel B, and variables from the statement of cash flows in panel C.  Per these 

variable definitions, missing research and development expense RD was set to zero when 

Compustat indicated it was missing (i.e., immaterial).  Since Compustat includes RD in selling, 

general and administrative expenses SGA, SGA is redefined to exclude RD when SGA is non-

missing.  Since cost of sales COS is defined by Compustat as total operating expenses if SGA is 

missing, in cases where SGA was missing COS was also set missing.  This means that only a 

subset of firms has non-missing SGA and COS.  However, the sum of COS and SGA, denoted 

COSGA, is readily available, being defined as COS + SGA when SGA is not missing, and 

max{COS – RD, 0} when SGA is missing.  Core pre-tax income is defined as REV – COS – 

SGA – RD when SGA is not missing, and as REV – COSGA – RD when SGA is missing.  All 

dollar amounts are restated into 2000 dollars using the CPI in December 2000. 

Table 2 shows the numbers of biotech firms used in the study across time and SIC-

defined industries.  Panel A shows that the number of publicly traded U.S. biotech firms 

quadrupled over the ten-year time period analyzed in this study, rising steadily from 109 in 

                                                 
3 Compustat fiscal years differ from calendar years.  For example, Compustat year 1998 is defined as all fiscal year-
ends that lie between 6/1/98 and 5/31/99. 
4 Only a subset of the sample firms have quarterly Compustat data for 2000:q4, 2001:q1 or 2000:q2.  This is due to 
the fact that Compustat’s definition of a fiscal year (in which fiscal quarters are contained)  
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1989:q1 to 421 in 2000:q3.  The number of biotech firms in any year is substantially less than the 

606 firms with at least one firm-quarter observation because biotech firms are frequently bought 

by other firms (typically big-pharma) or they go bankrupt.  According to 4-digit SIC industry 

classifications, panel B demonstrates that 27.1% of firm-quarter observations are contributed by 

firms in the pharmaceutical preparations industry, 21.1% are from the biological products 

industry, and 13.1% are from in vitro and in vivo diagnostic substances.  The remainder are 

spread out over 60 other 4-digit SIC industries, indicating that while the bulk of biotech firms are 

in three SIC industries, the remainder are quite spread out.  In terms of exchange listing, 

however, diversity is less apparent: some 86.6% of firm-quarters are contributed by firms that 

trade (or traded) on the NASDAQ. 

Table 3 reports key economic and scientific variables for the U.S. biotech industry as a 

whole, under the assumption that the biotech firms in my database comprise the entire U.S. 

biotech industry.  Because the last quarter for which there is complete data is 2000:q3, the dollar-

denominated variables shown in the upper portion of table 3 are reported at or for the third 

quarter of each year, and are expressed in real terms using the CPI at the end of December 2000.  

Of the non-dollar-denominated variables, the number of employees and the number of biotech 

firms is as of the end of the year, while the number of U.S. biotech patents granted and the 

number of drugs and vaccines approved are for the entire year. 

 Some striking observations emerge from table 3.  First, over the period 1989–2000 the 

market capitalization of U.S. biotech firms rose 3,800% from $9.4 billion to $373.4 billion.  This 

was not due to simply a greater number of biotech firms being publicly traded, as the average 

market cap per firm rose 900% from $89 million to $890 million.  Second, while some of this 

huge increase is due to an increase in tangible assets from $5.5 billion to $75.5 billion, it seems 

more likely that the lion’s share reflects the fruits of increased R&D spending.  R&D spending 

rose from an annual rate of $680 million in 1999 to $8.2 billion in 2000 and is under U.S. GAAP 

is immediately expensed to firms’ income statements rather than being capitalized as an asset 

and then amortized into expense over time. 

The immediate expensing of the intangible R&D asset each year also explains why 

biotech firms’ retained earnings have become more and more negative over time.  Third, biotech 

firms have little debt, reflecting the high intrinsic risk of biotech firms as well as the reluctance 

of banks and other fixed-rate lending institutions to accept R&D as collateral.  Fourth, while 
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revenues have risen 700% over the period 1989–2000, that has been insufficient to create 

positive net income for the industry in any year.  Fifth, the market’s strong assessment of the 

future cash flows expected to flow from biotech innovations is such that biotech firms have been 

able to consistently tap the capital markets for financing, money they have spent not only on 

R&D but also on other investing activities, oftentimes the purchase of other biotech companies.  

Finally, the number of biotech patents granted to U.S. corporations, the U.S. government and 

individuals in the U.S. dwarfs the number of drug and vaccine approvals granted.  This reflects 

not only the long lead-time between discovery and FDA approval, but also the enormous 

business risk of biotechnology. 

 An alternative perspective on the biotech industry is provided in Figures 2 and 3.  Figure 

2 plots by year and quarter the percentage of biotech firms that were profitable according to 

definitions ranging from showing positive revenues to having positive net income.  Although 

only some 90% of firms at any given point in time are generating revenue, and only 30% report 

positive core or net income, the percentages are remarkable stable over the ten-year period.  The 

same cannot be said for most of the intensity ratios plotted in Figure 3.  Although the median 

ratio of SG&A to revenues holds very steady at just over 40%, and the median market-to-book 

ratio rises steadily from 2.8 in 1989:q1 to 5.8 in 2000:q3, biotech firms’ median level and 

median rate of spending on R&D, and the equity market value of their stock, rise and fall 

together in an almost cyclical pattern.  The Pearson correlation between MVE ÷ REV and RD ÷ 

REV is 0.52, while that between MVE ÷ REV and the annual growth rate in R&D spending 

(RDGRW) is 0.32.  The size of these correlations is consistent with the proposition that the cash 

flows expected to arise from R&D expenditures is a key driver of biotech firms’ equity market 

values.  I test this proposition more formally in the next section. 

 Concluding the descriptive statistics is Table 4.  Table 4 reports percentiles for the data 

over the full period 1989:q1–2000:q3.  Percentiles for general variables appear in panel A, while 

percentiles for various intensity measures (intensity of spending on R&D, growth rate in 

revenues or R&D, etc.) are in panel B.  A major feature of the data in both panels is that every 

variable is highly right-skewed.  Of firm-year observations, 89% have positive revenues REV 

and 90% spend money on R&D, but only 29% report positive income NI.  The median firm has 

been publicly traded for five years and employs 95 people. 

 The median market-to-book ratio is 3.7, likely reflecting both the biased accounting for 
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R&D and other intangibles and an expectation on the part of the market of substantial future 

growth.  Actual real growth rates in revenues are 15% per year at the median, but 25% of annual 

real revenue growth rates exceed 61%.  Biotech firms have few tangible fixed assets, with the 

median firm holding only 12% of its total assets in PP&E.  In contrast, biotech firms spend very 

intensively on R&D.  The median firm spends 45% of its revenue on R&D, $16,000 per 

employee, and is growing that spending at a median real rate of 9.3% per year. 

 
5. Empirical tests 
 
5.1 Log-linear regression model 
 

The past ten years have seen a surge in the theoretical development and empirical testing 

of accounting-based valuation models in which equity market value is expressed as a linear 

function of book equity and current and/or expected future net income (Ohlson 1995; Feltham 

and Ohlson 1995, 1996; Barth, Beaver and Landsman 1998; Dechow, Hutton and Sloan 1999; 

Hand and Landsman 2000).  Estimation of these linear models has been through OLS applied 

either to undeflated dollar values; deflated data where the most common deflators are the number 

of shares outstanding, book equity and total assets; and in returns rather than in levels. 

In this paper I employ a different and deliberately more agnostic approach.  I assume that 

a firm’s equity market value is a Cobb-Douglas production function of its current financial 

statement data.  Taking logs then leads to a log-linear expression for the firm’s equity market 

value.  Although log-linear models have been employed extensively in economics, particularly 

for valuing R&D (Hall, 1993; Hall, 2000; Hall, Jaffe and Trajtenberg, 2001), they are rare in 

accounting and finance.5 

I employ a log-linear model for two main reasons.  First, in log-linear regressions the 

influence of anomalous or outlier observations is dramatically reduced and a greater 

homoscedasticity in regression residuals is acheived.  These are significant concerns for biotech 

firms because of the high degree of skewness observed in biotech firms’ equity market values, 

net income, book equity, etc. (table 4).  To finesse the reasonable concern that a minority of the 

data drives the magnitude and/or significance of parameter estimates, most researchers who 

apply OLS regression to non-logged data first identify and then winsorize or delete outliers.  This 

                                                 
5 Kaplan and Ruback (1995) and Berger, Ofek and Swary (1996) are two infrequent instances of the use of log-
linear models in valuation contexts in finance. 
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potentially ad-hoc process is all but unnecessary within a log-linear model because the log 

transformation dramatically dampens the values of previously extreme observations.  My interest 

in this paper is in the signs of the relations between equity market values and financial statement 

data, not the magnitudes of those relations.  Employing an empirically robust regression method 

such as the log-linear specification is therefore very important.  Second, recent work by Ye and 

Finn (2000) and Beatty, Riffe and Thompson (2001) provide the beginnings of a theoretical 

justification for the use of log-linear valuation specifications in research that employs financial 

accounting data.6  

In the somewhat agnostic approach to valuation that I have taken, the set of current 

financial statement data is taken to be a sufficient predictor of the present value of the expected 

future net cash flows accruing to the firm’s common shareholders.  Clearly, such a simplistic 

view could be made more sophisticated by including past financial statement data and/or 

instruments for expected future net cash flows.  I limit myself to only current financial statement 

data for reasons of parsimony and data availability—adding past financial statement data would 

make the analysis quite cumbersome, and instruments for expected future net cash flows such as 

analyst earnings forecasts are unavailable for all but a tiny fraction of firm-years.   

 
5.2 Log-transformations of variables 
 

Each variable Z in the regression is log-transformed using the following: 
 
 LZ  =  loge[Z + 1] if Z ≥ 0,  but  –loge[–Z + 1] if Z < 0  (where Z is expressed in $000s) (1) 
 
This transformation is information-preserving in the sense of being monotone and one-to-one.  

The addition of $1,000 to Z provides that LZ is defined when Z is zero.  Equation (1) also ensures 

that negative values of core income and book equity are not discarded.  Panel A of table 5 reports 

the means and medians of the main variables used in the regressions after being log-transformed, 

and demonstrates that the log-transformation dramatically reduces the extreme right-skewness of 

the raw data found in table 4. 

                                                 
6 Ye and Finn (2000) motivate their log-linear model of firms’ equity market values, book equity and net income by 
demonstrating that if the log of one plus the return on equity follows an AR(1) process, and net dividends are zero, 
then equity market value emerges as a multiplicative function of book equity and net income.  Beatty, Riffe and 
Thompson (2001) derive a log-linear valuation model under three structural assumptions: (1) stock valuation is first 
degree homogenous in underlying valuation drivers, (2) accounting constructs measure such valuation drivers with 
multiplicative measurement error that is conditionally lognormal, and (3) the unconditional distribution of stock 
values is either diffuse or lognormal. 
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5.3 Structure of regressions 
 

Table 6 reports the results of log-linear regressions aimed at generally determining the 

value-relevance of financial statement data for the equity market values of U.S. biotech firms, 

and specifically testing the hypotheses outlined in sections 3.1 – 3.5.  The dependent variable in 

each regression is LMVE, the log of the firm’s equity market value at the end of a given fiscal 

quarter.7  Rather than pooling all available observations across firms and time, I run one 

regression for each of the 47 fiscal quarters over the period 1989:q1–2000:q3 and then base my 

inferences on the resulting time-series of coefficient estimates.  This approach is more likely to 

yield unbiased inferences as to the sign and magnitude of underlying coefficients than is using 

pooled data, because it is highly likely that in pooled data the assumption that residuals are 

uncorrelated across time and across firms is severely violated.  Following Fama and MacBeth 

(1973), I compute and report the mean coefficient estimate and a simple t-statistic on the mean. 

 Table 6 is structured as a series of different regressions that begin by using aggregate 

accounting data, and then move on to regressions based on decomposing the aggregate data into 

its major elements.  A visual description of the regression structure is provided in Figure 4.  For 

example, model 1 regresses the log of biotech firms’ equity market values on their book equity, 

core income and dividends, while model 2 decomposes book equity into its three major 

components (contributed capital, retained earnings, and treasury stock) and separates positive 

core income from negative core income.  Relative to model 2, model 3 instead disaggregates 

core income into revenues, cost of sales, selling general and administrative expenses, and R&D 

expense.  Model 4 is similar to model 3 except that it uses the sum of cost of sales and selling 

general and administrative expenses because cost of sales and selling general and administrative 

expenses are not always separately available on quarterly Compustat.   Models 1-4 therefore 

determine the overall relevance of financial statement data for the equity market values of U.S. 

biotech firms.  In contrast, models 5 - 9 test the hypotheses outlined in sections 3.1 – 3.5 by 

adding to models 3 and 4 interactions between R&D and proxies for the hypothesized 

determinants of the value elasticity of R&D.  

                                                 
7 The end of the fiscal quarter is typically three weeks before the firm confirms its net income to the market through 
a quarterly earnings press release.  Based on other empirical work that estimates accounting-based valuation models, 
the “look-ahead” bias that this may create in the upcoming regressions should be trivial. 
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 As noted, model 1 regresses the log of biotech firms’ equity market values on their book 

equity, core income and dividends.  In model 1, book equity is the primary balance sheet 

variable, core income is the primary income statement variable, and dividends is the primary 

variable from the statement of cash flows.  The measure of book equity I employ is denoted 

PNIBV, and is defined as book equity at the end of the quarter after subtracting net income 

earned during the quarter and adding back dividends paid out during the quarter.  I use this 

definition of book equity instead of simply book equity at the end of the quarter because it 

facilitates the computation of the marginal impacts of income or the components of income on 

equity market value.8  Per table 1, core income is defined as revenues less cost of sales less 

selling general and administrative expenses less research and development expenses.9  Dividends 

are included largely because they may act as a signal of management’s expectations of future 

profitability or the probability of survival. 

 The goodness of fit of each model is assessed using three measures beyond the adjusted 

R2 statistic.  First, I compute the average percentage of firm-quarter observations that have 

negative fitted values (averaged across the time-series of quarterly regressions).  All else held 

equal, a well-specified equity market valuation regression should ideally yield no negative fitted 

equity market values.  Second, following Ye and Finn (2000), I compute the mean and median 

absolute relative pricing error (RPE) and the mean and median absolute symmetrized relative 

pricing error (SRPE).  For a given firm, RPE and SRPE are defined by: 
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where MVEi is firm i’s equity market value, and  is the equity market value fitted from the 

regression.  Both RPE and SRPE are relative measures; they are not contaminated by scaling 

factors associated with measurement units in the way that adjusted R

iEVM ˆ

2 statistics can be (Brown, 

                                                 
8 Clean surplus accounting under U.S. GAAP requires that book equity at the end of the quarter includes net income.  
As a result, if end of period book equity and net income for the period are both in the regression as independent 
variables, then the marginal impact of net income is a function of both the coefficients on net income and book 
equity.  Replacing book equity with pre-income book equity finesses this complexity.  Note that if under clean 
surplus accounting, pre-income book equity is book equity at the beginning of the quarter plus new equity issued 
less equity repurchased less dividends declared during the quarter. 
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Lo and Lys, 1999).  I report statistics for both relative and symmetrized relative pricing errors 

because the simple relative pricing error weights overpricing more than underpricing (implying 

that a model that overprices stocks would appear to provide a better fit than one that 

underprices).10  The symmetrized absolute relative pricing error corrects this concern in the sense 

that underpricing by 50% yields an SRPE of the same size as overpricing by 100%. 

 
5.4 Regression results 
 
 

                                                                                                                                                            

The regression results for model 1 indicate that book equity and dividends are strongly 

related to equity market values.  However, core income appears entirely unrelated to equity 

market values!  The explanation for this counter-intuitive result lies in the biased nature of U.S. 

accounting rules for intangible assets (Hand, 2001a; Zhang, 2000).  Under U.S. GAAP, virtually 

all expenditures on intangibles such as R&D, branding, and human capital are required to be 

expensed as incurred—they are not permitted to be recognized on firms’ balance sheets and then 

amortized into expense over time as is the case with tangible fixed assets such as PP&E.  The 

result of this is that for intangible-intensive companies such as biotech or Internet firms, reported 

income is highly downward-biased because a much greater expense is being recognized in 

income than should be the case.  Indeed, Zhang (2000) argues that when spending on intangibles 

becomes large enough, particularly by small but fast growing companies, equity market value 

will become a negative, not positive, function of reported net income when net income is 

negative.  This is exactly what Hand (2001a) finds to be true for Internet firms. 

 There are then two approaches to controlling for the distortive effects of accounting bias.  

The first is to allow positive and negative core income to have different coefficients (as well as 

different intercepts).11  This is predicated on the assumption that firms with negative core income 

 
9 I use core income instead of net income for two reasons.  First, relative to net income, core income does not 
contain large and distortive one-time items.  Second, since most biotech firms report losses not profits, tax expense 
can be largely set aside. 
10 For example, suppose that M = $100 and that two predicted prices M1 = $150 and M2 = $50 are being evaluated.  
Each predicted price deviates from the actual price by $50, and yields an RPE of 0.5.  However, M1 is overpriced by 
33.3%, while M2 is underpriced by 100%.  The symmetrized RPE corrects for this.  The SRPE for M1 is 1, while the 
SRPE for M2 is 0.5. 
11 All models except model 1 also include dummy variables for those variables that can take a zero value.  For 
example, all models except model 1 include a dummy variable set equal to one if treasury stock is zero, and zero 
otherwise.  Dummies of this kind cover treasury stock TS, revenues REV, cost of sales COS, research and 
development RD, and dividends DIV.  In addition, model 2 contains a dummy set equal to one if core net income CI 
is negative, and zero otherwise.  Finally, all models except model 1 include a dummy set equal to one if retained 
earnings adjusted for the current quarters net income and dividends PNIRE is negative, zero otherwise. 
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are much more intangible-intensive than are firms with positive core income.  Evidence 

consistent with this assumption is shown in panels B and C of table 5.  For example, negative 

core income firm-quarter observations have a median market-to-book ratio of 4.1 as compared to 

2.9 for positive firm-quarter observations (panel B).  Negative core income firm-quarter 

observations also have a vastly greater median ratio of R&D spending to revenue—1.33 relative 

to 0.05 for positive core income firm-quarters. 

Model 2 allows positive and negative core income to have different coefficients, at the 

same time as book equity is replaced by its three major components.  (The two steps are done 

together rather than separate only for the sake of compactness, since the inferences from doing 

both together are the same as are found doing each separately).  Table 6 demonstrates that this 

simple control has major impacts on the results found for model 1.  In model 2, the coefficient on 

positive (negative) core income is strongly positive (negative), supporting the accounting bias 

view.  Also, the signs on the major components of book equity are as one would predict: those on 

contributed capital and retained earnings are reliably positive, while that on treasury stock (stock 

that has been repurchased by the company) is reliably negative.  Dividends remains significant, 

although with a much larger standard error than in model 1, suggesting that its strong 

significance in model 1 may be because dividends are correlated with the specification errors 

created by not separating core income into positive and negative parts.  Finally, the fit of model 2 

is much improved over that of model 1.  The adjusted R2 of the regression increases from 35% to 

63%; the average relative prediction error (RPE) declines from 166% to 101%; and the 

standardized relative prediction error (SRPE) falls from 530% to 145%. 

 The second approach to controlling for the distortive effects of accounting bias is to 

decompose core income into its constituent parts: revenues, cost of sales, selling general and 

administrative costs, and R&D expense.  This method separates out the components of core 

income that are much more likely not to be biased as a result of accounting rules from those that 

are.  Falling in the unbiased category will be revenues and cost of sales; while selling general and 

administrative costs and R&D expense will be either somewhat or very biased reflections of the 

underlying economics.  U.S. accounting rules recognize revenue in a manner that closely reflects 

the underlying economics, and cost of sales are only recognized when revenues are, and also in 

an amount that reflects the direct cost of the sales made.  This means that the value elasticity of 

revenues is predicted to be positive, while that on cost of sales is predicted to be negative. 
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In contrast, as I already argued earlier, only a small portion of R&D expense is truly an 

expense—that is, a benefit that is used up in the current period.  Most of R&D expense is an 

asset—a cost with the ability or potential to provide future economic benefit to the firm.  This is 

particularly the case for biotech firms, where the benefits from R&D are almost always obtained 

many years after the R&D expenditure is made.  Hence the value elasticity of R&D is predicted 

to be positive.  However, selling general and administrative costs are less clearly assets, because 

most general and administrative costs represent current period expenditures that have no future 

benefits (e.g., rent for an administration building).  However, also included in SG&A are salaries 

for senior management and selling expenses.  I argue that these types of costs do have future 

benefits, such as enhancing the likelihood that senior management will stay with the firm, and 

creating brand intangibles, respectively.  For SG&A costs, the net result of the mix of expenses 

and assets is unclear, leading me to make no sign prediction on the value elasticity of SG&A. 

 Model 3 implements this second approach to controlling for the distortive effects of 

accounting bias.  The results shown in table 6 indicate that as predicted, the value elasticity of 

revenues (cost of sales) is reliably positive (negative).  Also as predicted, the value elasticity of 

R&D is strongly positive.  The value elasticity of SG&A for biotech firms is estimated to be 

unambiguously positive, implying that the stock market views most of SG&A as having 

economic benefits beyond the current quarter.  Decomposing core income also improves the 

goodness-of-fit measures, particularly the average percentage RPE and SRPE. 

Model 4 implements this same approach to controlling for accounting bias, but it does so 

by using the sum of cost of sales and SG&A.  This is because as noted in table 1 and observed in 

table 4, quarterly Compustat only reports SG&A for 5,357 of the 12,520 firm-quarters in my data 

set (the remainder of the time it is missing).  It is this subset that is used in Model 3.  However, 

quarterly Compustat always reports a cost of sales that it defines as total operating expenses if 

SG&A is missing.  The sum of cost of sales and SG&A can therefore always be estimated by 

subtracting R&D expense from cost of sales if SG&A is missing.  The results of estimating 

model 4 yield similar inferences on most coefficients to those of model 3.  However, combining 

cost of sales and SG&A worsens the RPE and SRPE goodness-of-fit measures relative to model 

3, and weakens the significance of the coefficient estimates on treasury stock and revenues. 

In sections 3.1 – 3.5, I hypothesized that the elasticity of equity market value with respect 

to R&D is a function of five factors: where the R&D lies in the biotech value chain of discovery, 
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development and commercialization; the growth rate in R&D spending; the scale of R&D 

expenditures; the human capital of the firm’s employees; and the age of the firm.  Models 5 and 

6 test each of these predictions with the exception of that to do with the human capital of the 

firm’s employees.  That prediction I take into account and test in models 7, 8 and 9. 

Using the financial statement proxies for these hypothesized factors outlined in sections 

3.1 – 3.5, I find as predicted that the elasticity of biotech firms’ equity market values with respect 

to R&D is significantly larger the earlier is the R&D expenditure in the value chain, and the 

greater is the growth rate in R&D spending.  In both model 5 and model 6, the coefficients on the 

proxies for the earliness of the R&D expenditure in the value chain LRD*LRDREV, and the 

growth rate in R&D spending LRD*LRDGRW, are strongly positive.  Moreover, in model 5 the 

coefficients the scale of R&D expenditures LRD*LRD, and the age/maturity of the firm 

LRD*LFIRMAGE are each reliably negative.  While no predictions on the signs were made for 

the coefficients on LRD*LRD and LRD*LFIRMAGE, they indicate that empirically it appears 

to be the case that on average there are decreasing returns-to-scale for R&D expenditures made 

by biotech firms, and that the negatives of firm maturity are perceived by the stock market to 

outweigh the positives.  I view the significance of the coefficients on LRD*LRD and 

LRD*LFIRMAGE in model 5 as more reliable than the insignificance of these same coefficients 

in model 6 because of the concerns I voiced earlier about combining cost of sales and SG&A 

into one variable, and the empirical fact that model 6 fits the data less well than does model 5.12 

The final set of results augment those of models 5 and 6 by testing the hypothesis that 

employees’ knowledge and skill has a positive impact on the value elasticity of R&D.  I measure 

the quantity of human capital employed by the firm using the total number of employees EMPL, 

and the quality of human capital by the ratio of selling, general and administrative expenses 

(SGA) to EMPL.  One component of SGA is the salary cost of senior management and scientists.  

Although potentially quite noisy, I propose that the ratio of SGA to the number of employees 

will be proportional to the size of the average salary paid to senior management and scientists, 

and therefore a proxy for the quality of employee human capital. 

                                                 
12 It is worth noting that in model 5, the coefficient on dividends is not reliably different from zero.  This implies 
that its strong significance in model 1 arises only because dividends are correlated with the specification errors 
created by not controlling for accounting bias, and not controlling for the cross-sectional determinants of the value 
elasticity of R&D. 
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These proxies are each interacted with R&D in models 7 and 8.  However, both the 

coefficient on LRD*LEMPL and LRD*LSGAEMPL are resoundingly insignificantly different 

from zero, leading me to the inference that biotech firms’ employees’ knowledge and skill has no 

impact on the value elasticity of R&D.  A marginally positive effect for LRD*LEMPL is found 

in model 9, which uses the sum of cost of sales and SG&A in place of the two separately, but as 

before this specification may be suspect. 

 
6. Conclusions 
 

In this paper I have sought to shed light on how and why the stock market values high 

technology by examining the pricing of 606 publicly traded biotechnology firms.  Contrary to the 

common view that the primary value drivers of biotechnology are ‘soft’ variables such as 

intellectual human capital, patents, strategic alliances and joint ventures, I found that simple but 

‘hard’ balance sheet, income statement, and statement of cash flows data explain some 70% of 

the variance in biotech firms’ equity market values within a log-linear regression framework.  

Given the size and economic importance of R&D to biotech firms, I also analyzed the mapping 

between the biotech firms’ R&D expenditures and equity market values.  I hypothesized that the 

elasticity of equity market value with respect to R&D is a function of five factors: where the 

R&D lies in the biotech value chain of discovery, development and commercialization; the 

growth rate in R&D spending; the scale of R&D expenditures; the human capital of the firm’s 

employees; and the age of the firm.  Using financial statement proxies for these factors, I found 

that the elasticity of biotech firms’ equity market values with respect to R&D is significantly 

larger the earlier is the R&D expenditure in the value chain, and the greater is the growth rate in 

R&D spending.  The value elasticity of R&D is also reliably decreasing in the scale of R&D 

expenditures, and the maturity of the firm. 

In terms of future work, one logical next step would be to conduct a more sector-specific 

analysis of what has been done in this paper.  That is, I have assumed that it appropriate to pool 

biotech firms that make pharmaceutical preparations (SIC 2834) with those that make biological 

products (SIC 2836) and 60 other 4-digit SICs.  Such an assumption is almost certainly too 

restrictive, and deserving of further research.  
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Discovery and preclinical:  The drug development process usually begins with the scientific discovery of a gene or 

other biological pathway involved in a disease.  Discovery can take 2-10 years.  From discovery, a target for therapeutic 
intervention is established.  Preclinical tests are conducted in the lab using individual cells or sometimes animals to 
evaluate the safety and potential for effectiveness in humans.  If the target is determined to be legitimate, the company files 
an Investigative New Drug (IND) application with the FDA for clearance to begin testing on humans.  Preclinical 
discoveries or results are often the ones that get the greatest media attention.  This stage is still very early in the process, 
however, and even after these first few years of research and testing, most candidates at this point will never make it to the 
market. 

Phase I Trials:  Human testing begins. The purpose of a Phase I trial is to use a small number of patients to 
establish basic safety and maximum dosage parameters. 

Phase II Trials:  This clinical study is much more involved, requiring many months to plan, set up and recruit trial 
participants.  Phase II is conducted on a larger group of patients with the targeted disease to study the efficacy of the drug at 
various doses and confirm its safety. They typically use blinding and placebo controls to achieve scientifically sound 
results.  Phase II often lasts two years, and sometimes a drug will undergo multiple Phase II trials for different indications 
(for example, to treat different types of a cancer).  This may be the most critical phase in terms of sorting winners from 
losers.  As a rule of thumb, drugs that complete Phase II and move on to Phase III have about a 50% success rate of 
reaching the market, though some studies suggest the rate is higher. 

Phase III Trials:  These tests are designed with a specific endpoint—a measurable result that clearly demonstrates 
success in combating the targeted disease.  The endpoint must be agreed upon by the FDA as an outcome that will lead to 
marketing approval.  The trial involves a large group from the targeted patient population and uses controls such as double-
blinding (neither patient nor doctor knows who is getting a placebo).  Multi-center trials are common to show that results 
are reproducible when administered in different clinical settings.  This pivotal phase often lasts two to three years from 
initial design to study completion, and here again it is common for drugs to undergo more than one Phase III trial for 
different indications or to support different therapy combinations. 

FDA Approval Process:  If a drug successfully completes Phase III, the company gathers all of its clinical data and 
files an application for marketing approval with the FDA.  It often takes three to six months just to prepare the application.  
Another six to twelve months can pass before an FDA advisory panel reviews the application and makes a 
recommendation.  This advisory panel has expertise in the drug's specific area of therapeutic or disease characteristics, and 
its recommendation for denial or approval is normally followed by the FDA (though another six to twelve months can pass 
before that happens). 

 
Modified from an article by James Hale (http://www.theonlineinvestor.com/industries.phtml?content=is_bio2):
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Figure 2

Profitability measures for U.S. biotech firms, 1989:q1 - 2000:q3
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Figure 3

Median intensity ratios for U.S. biotech firms, 1989:q1 - 2000:q3
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Figure 4 

Structure of regressions used to test the hypotheses about the value-relevance of financial statement data, and 
the determinants of the value elasticity of R&D, for U.S. biotechnology firms 
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Coefficient on RD = f (RDt÷REVt, RDt÷RDt-4, RDt, FIRMAGEt, {#EMPLt-1 or RDt÷#EMPL t-1}) 
See table 1 for variable definitions.

 31



Table 1 
 

Variable definitions per their Compustat quarterly data item numbers. 
  
 
Panel A:  Income statement 
  
 Variable Label Compustat quarterly data item(s)  

 Revenue REV 2 (net sales). 
 Revenue growth rate REVGRW REV ÷ REV lagged four quarters. 
 R&D expense RD 4 (research & development expense); zero if missing.  

RD includes write-offs of purchased in-process R&D.  
Quarterly RD is only available beginning 1989:q1. 

 R&D growth rate RDGRW RD ÷ RD lagged four quarters. 
 SG&A expense SGA 1 (selling, general & administrative expense).  Since 

Compustat includes RD in SGA, SGA is redefined to 
exclude RD. 

 Cost of sales COS 30 (cost of sales).  Since item 30 is total operating 
expense if SGA is missing, when SGA is missing 
COS is set as missing. 

 COS + SGA COSGA Set to COS + SGA when SGA is not missing.  Else 
set to max{COS – RD, 0}. 

 Core (pre-tax) income CI REV – COS – SGA – RD. 
 Net income NI 69 (net income or loss). 
  
 
Panel B:  Balance sheet and balance sheet-related 
  
 Variable Label Compustat quarterly data item(s)  

 PP&E PPE 42 (net property, plant & equipment). 
 Total assets TA 44 (total assets). 
 Long-term debt LTD 51 (long-term debt). 
 Contributed capital CC 56 (common stock) + 57 (capital surplus). 
 Retained earnings RE 58 (total common equity). 
 Treasury stock TS 98 (treasury stock).  Set to zero if missing. 
 Book equity BVE 60 (total common equity). 
 Market value of equity MVE 14 (fiscal quarter-end closing price) x 61 (common 

shares outstanding at fiscal quarter-end). 
 Number of employees EMPL 29 (number of employees at fiscal year-end). 
  
 
Panel C:  Statement of cash flows 
  
 Variable Label Compustat quarterly data item(s)  

 Cash from operations CFO 108 (net cash flow from operating activities). 
 Cash from investing CFINV 111 (net cash flow from investing activities). 
 Cash from financing CFFIN 113 (net cash flow from financing activities). 
 Dividends DIV 89 (cash dividends).  Set to zero if missing. 
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Table 2 
 

U.S. biotech firms by Compustat year/quarter and SIC industry, 1989:q1 – 2000:q3. 
  
 
Panel A:  Number of biotech firms by Compustat fiscal year and quartera 
       
 1989:q1 109 1992:q1 169 1995:q1 251 1998:q1 391 
 1989:q2 103 1992:q2 185 1995:q2 261 1998:q2 399 
 1989:q3 106 1992:q2 198 1995:q3 261 1998:q3 387 
 1989:q4 111 1992:q4 205 1995:q4 296 1998:q4 423 
 1990:q1 112 1993:q1 204 1996:q1 296 1999:q1 385 
 1990:q2 116 1993:q2 208 1996:q2 329 1999:q2 407 
 1990:q3 121 1993:q3 213 1996:q3 342 1999:q3 392 
 1990:q4 127 1993:q4 249 1996:q4 381 1999:q4 417 
 1991:q1 124 1994:q1 235 1997:q1 363 2000:q1 398 
 1991:q2 141 1994:q2 253 1997:q2 380 2000:q2 420 
 1991:q3 145 1994:q3 252 1997:q3 383 2000:q3 421 
 1991:q4 160 1994:q4 265 1997:q4 426     
 Total 12,520 
 
Panel B:  4-digit SIC composition 
  
  4-digit SIC SIC industry description # obs. % obs. 
 1. 2834 Pharmaceutical preparations 3,397 27.1% 
 2. 2836 Biological products (except diagnostic substances) 2,639 21.1 
 3. 2835 In vitro and in vivo diagnostic substances 1,642 13.1 
 4. 3841 Surgical and medical instruments and apparatus 725 5.8 
 5. 3845 Electromedical and electrotherapeutic apparatus 707 5.6 
 6. 3842 Orthopedic, prosthetic, surgical appliances and supplies 423 3.4 
 7. 8731 Commercial physical and biological research 396 3.2 
 8. 8071 Medical laboratories 291 2.3 
 9. 3826 Laboratory analytical instruments 279 2.2 
10. 5122 Drugs, drug proprietaries, and druggists' sundries 168 1.3 
11. All others Various (n = 54 four-digit SIC) 1,853 17.4  
    12,520 100.0% 
 
Panel C:  Exchange listing 
  
   Exchange # obs. % obs.     
  NYSE 713 5.7% 
  AMEX 961 7.7% 
  NASDAQ 10,846 86.6%    
   12,520 100.0%    
 
a Sample is all biotech firms with non-missing CC, RE, NI, REV, COSGA, DIV, and MVE.  All variables are 

defined as in table 1. 
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Table 3 
 

Key economic and scientific innovation variables for the entire U.S. biotech sector, 1989:q3 – 2000:q3.a 
  

Variable 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 
  

Equity market value 9,438 10,284 24,738 31,148 36,114 36,649 55,798 75,089 102,172 99,969 150,627 373,423 
Total assets 5,522 6,656 9,201 14,111 14,433 16,872 19,820 27,847 33,467 41,476 49,412 75,540 
Long–term debt 867 1,027 1,173 1,075 1,188 1,563 2,285 2,861 4,055 6,254 7,804 9,324 
Contributed capital 4,243 5,227 8,275 14,712 16,454 19,915 22,135 30,609 35,242 41,389 50,158 69,516 
Retained earnings –940 –1,235 –2,142 –4,015 –5,687 –8,218 –9,332 –11,893 –13,813 –15,202 –19,645 –19,614 
Treasury stock 42 51 41 54 60 61 89 102 142 202 509 905 
R&D spending 170 215 332 519 653 799 845 1,136 1,309 1,547 1,592 2,046 
Revenues 1,507 1,714 2,030 2,684 2,961 3,847 5,005 6,241 7,214 8,287 10,060 12,183 
Cost of sales + SG&A 1,308 1,516 1,772 2,310 2,589 3,206 4,099 5,021 5,959 6,722 8,022 9,463 
Core income 28 –17 –75 –146 –280 –158 61 83 –44 17 446 674 
Net income –86 –86 –163 –405 –423 –463 –402 –249 –475 –689 –381 –645 
Dividends 8 20 96 24 20 21 27 36 40 53 48 49 
Cash from operations –255 –291 –366 –733 –1,151 –1,302 –980 –1,016 –1,234 –1,091 –1,075 298 
Cash from investing –302 –610 –1,203 –2,473 –654 –783 –1,056 –3,526 –3,190 –3,044 –3,594 –7,923 
Cash from financing 490 977 2,123 3,217 1,735 1,778 2,785 5,865 4,557 3,982 3,786 15,383 
  

# of employees 25,270 27,838 37,227 50,474 54,431 63,679 76,977 103,737 143,661 158,268 179,417 159,671 
Biotech patentsb 1,780 1,431 1,757 2,033 2,352 2,233 2,320 3,071 4,418 6,171 6,029 5,446 
Drug/vaccine approvalsc 5 5 5 3 7 7 16 20 19 21 22 32 
# biotech firmsd n.a. n.a. n.a. n.a. 1,231 1,272 1,311 1,308 1,287 1,274 1,311 1,273 
# publicly traded firmse 106 121 145 198 213 252 261 342 383 387 392 421 
  
 
a Sample is all biotech firms with non-missing CC, RE, NI, REV, COSGA, DIV, and MVE.  All variables are defined as in table 1.  Stock (flow) measures are as 

of the end of (for) the third quarter of each Compustat year.  All dollar amounts are restated into 2000 dollars using the CPI in December 2000. 
b Source: U.S. Patent & Trademark Office, “Technology Profile Report, Patent Examining Technology Center Groups 1630-1660, Biotechnology,” 2000 and 

2001.  Number of patents refers only to those assigned to U.S. corporations, the U.S. government, or individuals in U.S. 
c Source: www.bio.org. 
d Public and private U.S. biotech firms.  Source: Ernst & Young LLP, Annual Biotechnology Industry Reports, 1993-2000. 
e U.S. firms only.  Source: Table 2.
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Table 4 
 
Variable percentiles for 12,520 U.S. biotech firm-quarter observations, 1989:q1 – 2000:q3.a 
  
 
Panel A:  General variablesb 
 
         FIRM 
Percentile MVE BVE TA LTD REV RD CI AGE EMPL  
 100% $82,219 $6,130 $9,219 $1,162 $2,732 $304 $826 21 20,453 
 99% 3,487  592 1,106 252 245 37 35 18 5,900 
 95% 846 197 353 58 67 11 9.7 15 1,305 
 75% 201 52 71 3.6 7.5 3.6 0.3 9 217 
 50% 85 22 30 0.3 2.0 1.3 –1.2 5 95 
 25% 33 8.1 13 0 0.4 0.4 –3.1 3 46 
 5% 7.1 0.9 3.1 0 0 0 –8.6 1 14 
 1% 2.0 –6.1 0.9 0 0 0 –17 1 6 
 0% 0.1 –161 0.1 0 0 0 –207 0 5  
 % > 0 100% 97% 100% 66% 89% 90% 29% 99% 100%  
 # obs. 12,520 12,519 12,519 12,366 12,520 12,520 12,520 12,520 10,804  
 
 
Panel B:  Intensity measuresc 
 
  MVE PPE COS SGA RD REV RD RD SGA 
 Percentile ÷BVEd ÷TA ÷REVe ÷REV ÷REV GRWf GRWf ÷EMPLg ÷EMPLg 
 100% 9,524 0.93 74 170 1,573 1,000% 1,000% $762 $680 
 99% 71  0.70 4.7 16 89 1,000 370 157 123 
 95% 22 0.46 1.2 3.5 20 445 143 76 56 
 75% 6.7 0.23 0.66 0.77 2.2 61 39 36 24 
 50% 3.7 0.12 0.48 0.41 0.45 15 9.3 16 16 
 25% 2.1 0.06 0.35 0.28 0.08 –12 –15 3.5 10 
 5% 0.9 0.01 0.16 0.14 0 –70 –59 0 5.5 
 1% 0.5 <0.01 0.04 0.04 0 –94 –86 0 3.0 
 0% 0.1 0 0 0.01 0 –99 –99 0 0.4  
 % > 0 100% 99% >99% 100% 89% 65% 60% 90% 100%  
 # obs. 12,122 12,480 5,357 5,357 11,082 8,939 8,985 10,804 5,182  
 
a Sample is all biotech firms with non-missing CC, RE, NI, REV, COSGA, DIV, and MVE.  All variables are 

defined as in table 1. 
b Dollars amounts are in millions.  FIRMAGE is in years.  EMPL is the raw number of employees. 
c RD ÷ EMPL and SGA ÷ EMPL are in thousands of dollars. 
d Ratios defined using REV as the denominator are only computed when REV > 0. 
e MVE ÷ BVE is only computed when BVE > 0. 
f REVGRW and RDGRW are both winsorized at 1,000%. 
g RD ÷ EMPL and SGA ÷ EMPL are in $000s per employee. 
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TABLE 5 
 

Means and medians of economic variables for 606 U.S. biotech firms, 1989:q1 – 2000:q3.a 
  

 
 
Panel A:  Mean and medians of log–transformed regression variablesb 
         
  LMVE LBVE LCC LRE LTS LCI LREV LCOS LSGA LRD LDIV  

Mean 11.3 9.4 10.9 –7.1 1.0 –3.2 7.0 6.9 7.7 6.5 0.3 
Median 11.3 10.0 11.0 –10.1 0.0 –7.1 7.6 7.5 7.6 7.2 0.0 
  
 
 
Panel B:  Medians across sign of core income (in $ millions, unless MVE ÷ BVE) 
 
            MVE 
  MVE TA LTD BVE EMPL FAGE DIV CC RE TS ÷BVE  

CI < 0c $ 79 25 0.2 18 75 5 0 64 –34 0 4.1 
CI > 0c 105 54 1.3 34 256 7 0 42 –0.7 0 2.9 
p–valued <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 
  
 
 
Panel C:  Medians across sign of core income (in $ millions, unless % or ratios) 
 
        COS SGA RD REV RD 
  REV COS SGA RD CI NI ÷REV ÷REV ÷REV  GRW GRW  

CI < 0 $ 0.9 0.5 1.3 1.7 –2.2 –2.2 0.55 0.83 1.33 8.9% 9.4% 
CI > 0 12 5.5 4.1 0.5 1.7 0.8 0.45 0.31 0.05 20.6% 9.0% 
p–value <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 0.54 
  
 
 
a Sample is all biotech firms with non-missing CC, RE, NI, REV, COSGA, DIV, and MVE; and non-negative CC, 

REV, COSGA, DIV, and MVE.  All variables are defined as in table 1. 
b The log transformation for variable Z is LZ = loge[Z  + 1] if Z ≥ 0 and –loge[–Z  + 1] if Z < 0, where Z is in $000s.  

See table 1 for definitions of data items prior to being log transformed.  Number of firm-quarters where CI > 0 
varies between 2,497 and 8,875 depending on the variable. 

c  Number of firm-quarters where CI < 0 varies between 2,305 and 3,645 depending on the variable. 
d  p-value on Z-statistic for Wilcoxon 2-sample rank sums testing a difference in medians (Normal approximation). 
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TABLE 6 
 

Log-linear regressions of end-of-fiscal-quarter equity market values of 606 U.S. biotech 
firms on pricing variables in, or derived from, financial statements, 1989:q1 – 2000:q3.a 

  
Independent Predicted sign 
variableb of coefficient Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 

LPNIBVc (+) 0.33d 
  (13.0)e 
LCC (+)  0.83 0.60 0.65 0.54 0.61 
   (56.6) (20.7) (36.5) (11.9) (22.6) 
LPNIRE (+)  0.16 0.12 0.14 0.11 0.12 
   (19.2) (15.6) (15.3) (9.0) (14.3) 
LTS (–)  –0.05 –0.03 –0.02 –0.11 –0.05 
   (–5.9) (–2.7) (–1.5) (–7.7) (–4.4) 
LCI (+) 0.002 
  (0.5) 
LPOSCI (+)  0.23 
   (15.8) 
LNEGCI (–)  –0.29 
   (–16.3) 
LREV (+)   0.09 0.02 0.45 0.24 
    (3.1) (2.0) (9.1) (7.6) 
LCOS (–)   –0.10  –0.13 
    (–4.8)  (–7.1) 
LSGA (+/–)   0.24  0.25 
    (9.1)  (4.1) 
LCOSGA (+/–)    0.12  0.11 
     (12.9)  (9.1) 
LRD (+)   0.20 0.31 –0.12 0.05 
    (11.7) (16.3) (–1.4) (1.0) 
LDIV (+) 0.09 0.16 0.12 0.13 0.04 0.08 
  (12.6) (5.7) (3.4) (4.0) (1.0) (1.8) 
LRD*LRDREVf (+)     0.06 0.03 
      (6.5) (7.1) 
LRD*LRDGRWg (+)     0.03 0.05 
      (5.4) (13.3) 
LRD*LRD (+/–)     –0.01 –0.00 
      (–2.3) (–1.0) 
LRD*LFIRMAGEh (+/–)     –0.02 0.00 
      (–2.5) (0.2) 

Number of regressions 47 47 47 47 43 43 
Avg. adj. R2 35% 63% 65% 65% 72% 70% 
Avg. % of fitted MVE<0i 0% 0% 0% 0% 0% 0% 
Avg. % RPEj 166% 101% 81% 90% 66% 76% 
Avg. % SRPEk 530% 145% 117% 129% 94% 107% 
Avg. # observations 266 266 129 266 81 207 
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TABLE 6  (continued) 
 

Log-linear regressions of end-of-fiscal-quarter equity market values of 606 U.S. biotech 
firms on pricing variables in, or derived from, financial statements, 1989:q1 – 2000:q3. 

  
Independent Predicted sign 
variable of coefficient  Model 7 Model 8 Model 9    

LCC (+)  0.56 0.56 0.64 
   (12.7) (12.7) (21.2) 
LPNIRE (+)  0.12 0.11 0.12 
   (8.7) (8.5) (12.9) 
LTS (–)  –0.10 –0.10 –0.07 
   (–6.9) (–7.1) (–5.3) 
LREV (+)  0.41 0.41 0.18 
   (6.0) (5.2) (5.1) 
LCOS (–)  –0.12 –0.11  
   (–3.8) (–3.8)  
LSGA (+/–)  0.26 0.24  
   (4.8) (3.1)  
LCOSGA (+/–)    0.10 
     (6.6) 
LRD (+)  –0.17 –0.16 0.13 
   (–1.4) (–1.3) (1.6) 
LDIV (+)  0.14 0.16 0.06 
   (1.2) (1.1) (1.7) 
LRD*LRDREV (+)  0.06 0.06 0.02 
   (4.5) (4.3) (4.8) 
LRD*LRDGRW (+)  0.03 0.03 0.04 
   (4.2) (4.3) (12.5) 
LRD*LRD (+/–)  –0.00 –0.00 –0.01 
   (–0.2) (–1.3) (–1.5) 
LRD*LFIRMAGE (+/–)  –0.02 –0.02 0.00 
   (–2.3) (–2.2) (0.6) 
LRD*LEMPLl (+)  –0.00  0.01 
   (–0.5)  (1.8) 
LRD*LSGAEMPLm (+)   0.00  
    (0.4)     

Number of regressions  43 43 43 
Avg. adj. R2  72% 72% 70% 
Avg. % of fitted MVE<0  0% 0% 0% 
Avg. % RPE  63% 63% 72% 
Avg. % SRPE  89% 89% 101% 
Avg. # observations  71 71 162 
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TABLE 6  (continued) 
 

Log-linear regressions of end-of-fiscal-quarter equity market values of 606 U.S. biotech 
firms on pricing variables in, or derived from, financial statements, 1989:q1 – 2000:q3. 

  
 
a Sample is all biotech firms with non-missing CC, RE, NI, REV, COSGA, DIV, and MVE; and non-negative CC, 

REV, COSGA, DIV, and MVE.  All variables are defined as in table 1.   
b All variables are per table 1, with these additions:  Pre-income retained earnings PNIRE = RE – NI + DIV.  Pre-

income book equity PNIBV = BVE – NI + DIV.  LPOSCI = max{LCI, 0} and LNEGCI = min{LCI, 0}.  defined 
only where REV > 0.   

c The log transformation for variable Z is LZ = loge[Z  + 1] if Z ≥ 0 and –loge[–Z  + 1] if Z < 0, where Z is in $000s.  
d  Mean coefficient from the quarter-by-quarter regressions. 
e  Simple Fama-MacBeth t-statistic (relative to a null of zero) on mean coefficient from the quarter-by-quarter 

regressions. 
f LRDREV = loge[1 + (100*RD/REV)]. 
g LRDGRW = loge[RDt/RDt-4].  
h LFIRMAGE = loge[FIRMAGE + 1] where FIRMAGE is the non-negative number of years the firm has been 

publicly traded.  Firms must have had their IPO on or after January 1, 1980. 
i Average percentage of fitted values of dependent variable MVE that are negative. 
j RPE = absolute relative pricing error, defined in equation (2) of section 5.3 of the text. 
k SRPE = absolute symmetrized relative pricing error, defined in equation (2) of section 5.3 of the text. 
l LEMPL = loge[EMPL + 1] where LEMPL is the number of employees. 
m LSGAEMPL = loge[SGA/EMPL], where SGA/EMPL measures the raw dollars of SGA per employee. 
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