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Abstract

Examining the Price-Earnings Relation

in a Real Options Framework with Investor Learning

This study examines how the price-earnings relation varies with the uncertainty about and
the quality of a firm’s investments. We develop a real option valuation framework to capture
optimal investment and abandonment options in a research-intensive emerging technology, the
biotechnology industry. Both management and investors resolve uncertainty about the firm
quality over the life cycle from observing past investment successes and failures. We predict
that the price-earnings relation is V-shaped and changes over the firm life cycle. Also, as
investors learn about the quality of the firm over time, they will value accounting losses and
profits more in higher quality firms. Our empirical findings are based on a sample of 301
biotechnology firms with an [PO between 1980 and 2000, and are generally consistent with
our predictions. We contribute in several ways to the existing price-earnings literature. First,
we provide a theoretical explanation for the significant negative price-earnings relation for loss
firms. Second, we show how the price-earnings relation changes over time as investors learn
about the quality of the firm. Third, we provide a real option valuation model that is better
suited for valuing option-intensive firms than the more traditional DCF based models (including

the Ohlson model). We show how nonfinancial information affects the valuation of earnings.



1 Introduction.

This study examines how the earnings-equity value relation (hereafter, price-earnings relation)
varies with the degree of uncertainty and quality of a firm’s investments over a firm’s life cycle.
The price-earnings relation has been intensively studied over the last three decades. However,
the prior literature largely ignored the effects of uncertainty about future cash flows on the
price-earnings relation. The fact that uncertainty about the payoffs of a firm’s investments will
be resolved over time creates implicit growth options. The option value relates to the positive
growth potential that will be realized if the investment payoff is significantly higher than the
current expectation. These positive surprises are more likely if the current expectations are very
imprecise, something that occurs in new ventures. Holthausen and Watts (2001) point out that
the lack of consideration of growth and abandonment characteristics and their implications on
the non-linear price-earnings relation cause incorrect predictions for the coefficient of earnings
in studies that relate market value of equity to earnings or components of earnings, such as
R&D expenses. Following the suggestion from both Holthausen and Watts (2001) and Kothari
(2001) to provide a richer specification of the relation between earnings and equity value, we
investigate the price-earnings relation in a setting where uncertainty about future cash flows is

resolved over time as investors learn about the quality of the firm.

We choose an emerging R&D environment, the biotechnology industry, for our empirical
predictions because this industry is characterized by long investment cycles with highly uncer-
tain payoffs, i.e. an appropriate empirical setting to study the role of learning in a real options
framework.! We propose a real options valuation framework to value biotechnology firms that
optimally wait to invest in highly uncertain and long R&D projects with an option to abandon
these projects when technical or economic failure occurs. We focus on the effect of uncertainty
about future R&D successes, and on the role of a firm’s R&D quality and learning about that
quality on the price-earnings relation. By doing so, we bring together and extend three groups
of recent studies that focus on different aspects of the price-earnings relation: (1) the valuation

of losses, (2) the role of learning in the valuation of earnings, (3) and the consideration of real

! Agarwal and Gort (1996) define an emerging industry to be an industry with positive net entry, i.e. more
entrants than firms exiting the industry (because of failure or acquisition). Demers and Joos (2004) show that
there are more IPOs than failures in any given year in the period 1980-2000 for the biotech industry.



options in valuing firms.

The first set of studies - Jan and Ou (1995), Bernard (1994), Penman (1998) and Burgstahler
(1998) among others - report an anomalous relation between accounting losses (i.e., negative
earnings) and equity value. The significant negative relation cannot be explained neither by
the Ohlson model (or residual income model) nor by the adaptation conjecture outlined in
Burgstahler and Dichev (1997) and Hayn (1995).2 Both models predict negative earnings to
have no significant relation with equity value. Hayn also posits an alternative explanation for
the irrelevance of earnings for firms in emerging, high-tech, and growth industries: current
earnings (often losses) fail to convey the future growth potential for these firms, and current
earnings are likely to be distorted by the expensing of large investments in intangibles, such
as R&D. However, this alternative explanation cannot explain the anomalous significantly neg-
ative relation between negative earnings and equity value. Collins et al. (1999) attribute the
"anomaly’ to the omission of book value of equity in the models that link earnings to equity
value. In particular, they investigate whether the importance of book value of equity stems
from its role as (1) a control for scale differences in cross-sectional valuation model, (2) a proxy
for expected future normal earnings as outlined in the Ohlson model, or (3) a proxy for loss
firms’ abandonment options. They find evidence for the latter two explanations for the role
of book value. An important difference between their and our research approach is that we
focus specifically on option intensive companies with often sustained losses over several years,
while Collins et al. (1999) consider a broad cross-section of Compustat companies in the period
1975-1992. Moreover, book value of equity, that plays a crucial role in their argument, is irrel-
evant for the purpose of our simulations. We show that the Collins’ et al. results only hold for
the mature firms in our sample for which assets-in-place are more important than the options
in their equity value. However, their regression results do not hold for early and intermediate
stage biotech firms, providing evidence for the validity of our model.

Hand (2003) contradicts the Collins et al. results with his findings in a sample of internet
firms in the period 1997-2000. He finds that core profits (revenues less cost of sales, general
and administrative expenses, selling and marketing and R&D expenditures costs) are positively

priced, and core losses are negatively priced. He argues that the reason for the negative pricing

2The Ohlson model assumes abnormal earnings to be dissipated by economic forces, while the adaptation
conjecture posits that a firm’s assets have a next-best alternative use.



of losses is because these losses are not due to poor operating performance, but instead reflect
massive investments in intangible assets that accounting rules require be expensed rather than
be treated as assets and amortized over time. In our study, we argue that firms optimally
invest in R&D projects based on signals about future expected cash flows (or, contribution
margin). Since investors value current and expected future cash flows and not earnings (or
losses) per se, young firms with high investment levels but low revenues are likely to have
losses and greater losses are caused by higher R&D activity. The more successful a firm is in

conducting R&D, the greater its value, resulting in a negative price-loss relation for young firms.

A second set of studies examines the role of learning in financial markets and how earn-
ings information is valued. We consider a varying price-earnings relation over time due to
varying uncertainty about the R&D quality over the life of a firm. Lang (1991), Anthony
and Ramesh (1992) and more recently Pastor and Veronesi (2003) are among the few articles
that describe how learning (or, changes in the level of uncertainty) affects the relation between
profitability /earnings and equity value. For example, Lang shows that more uncertainty about
the time-series parameters of earnings results in a larger earnings response coefficient for a
given level of unexpected earnings. As investors learn about a firm, ERCs become smaller.
Similar to Lang, Hand (2003) - although not explicitly referring to learning - finds that, over
time, the pricing of profits become less positive and the pricing of losses becomes less negative,

due to decreasing economic differences among internet firms as firms age and the sector matures.

In our model, both investors and management exhibit Bayesian updating behavior and ra-
tionally alter their beliefs about the quality of a firm’s R&D investments based on intermediate
R&D outcomes, such as patent approvals, (un)successful clinical trials or drug approvals by
the FDA. Therefore, learning in our model relates to uncertainty resolution about nonfinancial
quality measures. We use values on these economic context variables provided by the prior
pharma-economic literature. In our empirical analysis, we choose a patent and R&D growth
measure to describe R&D quality, and the age of the firm to describe uncertainty about that
quality. We provide theoretical support for Hand’s (2003) earnings pricing over time and argue
that the less pronounced price-earnings relation in later stages of a firm’s life cycle is due to

investor learning about the quality of the firm, as well as a different composition of the equity



value of a firm. That is, more mature firms derive a larger proportion of their value from prod-
ucts on the market whereas younger firms rely more on growth options and more uncertain
early stage R&D projects. In addition, we show that due to the lack of a R&D track record and
therefore high uncertainty about the firm quality, it is more difficult to distinguish between the
price-earnings relation of high and low quality startup firms. As firms mature, R&D quality
becomes more apparent and prices relate differently to earnings depending on the quality of

the firm.

A third set of studies explores the role of real options in accounting-based valuation. Zhang
(2000) is one of the few accounting studies - if not the only - that considers the role of real
options in the relation between earnings and equity value. We present a real options model that
captures the essence of the R&D and revenue processes of biotechnology firms. Our real option
framework considers options to wait to invest and options to abandon R&D projects and the
parameter values are taken from the prior economics literature, such as Dimasi et al. (1995).
A biotech firm is viewed as a bundle of current or potential R&D projects. Given the long
and highly uncertain investments, real options play an important role in biotechnology (Ottoo
1998). Due to the lack of real options in traditional DCF based valuation models used in the
accounting literature (such as the residual income model), we consider these models to be less
descriptive of the valuation of firms facing a high degree of uncertainty in their investment pay-
offs (Majd and Pindyck 1987). By providing a theoretical valuation model that incorporates
the value of uncertain investment payoffs and learning, we provide a theoretical foundation
for the relation between earnings and equity value in industry-specific studies such as Amir
and Lev (1996), Bowen and Shores (2000), and Shortridge (2004). These studies look at how
nonfinancial information on the quality of the firm is valued by investors, and they linearly
combine nonfinancial measures with earnings and book value of equity into a regression model.
Amir and Lev (1996) note that there is no theoretical guideline to transform nonfinancials to
financials by some production or cost function. We argue that a real options model fills that

void in the literature and is well-suited to incorporate firm quality measures.

Zhang (2000) and Chen and Zhang (2002) present a real options setting to determine the

relation between earnings, book and market equity value of a generic firm. Unlike these studies,



we do not rely on current firm-level accounting profitability as a signal to expand or discontinue
investments. Rather, we assume managers rely on project specific expected future contribution
margin to invest or divest. Managers (and investors) update their expectations based on up-
dated FDA approval probability, assessment of the size of therapeutic market, new competitors,
alternative treatments, etc. Both Joos (2000) and Chan et al. (2001) show that the conservative
R&D expensing rule distorts accounting profitability measures, thus making current profitabil-
ity for R&D intensive firms less appropriate to guide management’s investment-desinvestment

decisions.

We derive three predictions from our simulations. First, we predict a V-shaped price-
earnings relation for R&D firms. For R&D firms with positive earnings, those with larger
earnings have more active projects in the commercial stage than firms with lower positive earn-
ings. On the other hand, firms with negative earnings are likely to have no or few projects
in the commercial stage. We show that the market value for those firms is more sensitive to
R&D spending. The negative relation between earnings and R&D expenses combined with
an increase in market value when firms invest more in R&D (assuming firms only invest in
R&D when it is optimal to do so) results in a negative loss-equity value relation. Second, the
earnings-equity value relation changes over the life time of an R&D firm: as firms mature, in-
vestors obtain a longer R&D track record of a firm, and value a firm accordingly. That results in
a flatter earnings-equity value relation for older firms. Third, based on the simulation of good,
average and poor quality R&D firms, we predict that higher quality R&D firms (firms with
higher probability of success in the various R&D stages) have a higher market value relative
to lower quality R&D firms for the same level of earnings. After observing the R&D outcomes
over several years, investors have more certainty of the quality type of the firm and price R&D

investments in the various stages according to the firm’s R&D quality.

We test our predictions on a sample of 301 biotech firms with an IPO between 1980 and
2000. Our empirical findings support the first prediction, i.e., there is a significant V-shaped
relation between earnings and equity value. As predicted in our second hypothesis, we find a
declining price-loss relation over the firm life cycle. However, the relation becomes gradually

stronger for positive earnings after the initial 4 startup years. We argue that the contradicting



finding for older firms is consistent with a survivorship bias in our sample. Surviving firms
in the biotech industry are more likely to be high quality type firms, and therefore are valued
higher as they become more mature consistent with our third prediction. Our third prediction -
higher quality firms have a stronger price-earnings relation - is supported by our findings. Con-
sistent with our learning conjecture, R&D quality does not affect the price-earnings relation of
early stage firms, i.e., the nonexistent or short R&D track record is not sufficient to determine
the quality of the firm. However, as firms mature, the distinction between high and low R&D
quality becomes apparent in the price-earnings relation and low quality firms’ losses are not

valued.

The remainder of the paper is organized as follows. Section 2 explains some industry specific
institutional terminology and describes the R&D process. The next section describes the real
options valuation model. Section 4 develops the predictions. Section 5 describes the empirical

analysis of the study. Section 6 presents a summary and conclusions.

2 Empirical setting: the biotechnology industry.

The biotechnology industry provides an ideal setting to study the effect of R&D payoff uncer-
tainty and learning on the price-earnings relation for several reasons. First, as an emerging
technology, biotechnology is characterized by many new firms over the last two decades. Agar-
wal and Gort (1996) show that a firm’s learning about its cost structure, managerial ability and
relative efficiency is especially important with respect to its survival in early stages of the firm.
Not surprisingly, more mature firms have a much higher probability of survival than younger
firms.®> An industry with many new entrants provides a suitable empirical setting to study
learning. Second, the high -tech nature of biotechnology and the high degree of technological
change provide a setting in which earnings are believed to be less timely and of lower quality.
Lev and Zarowin (1999) argue that the fundamental accounting measurement process of peri-

odically matching costs with revenues is seriously distorted in such industries, and consequently

3Sorensen and Stuart (2000) describe some differences between the biotechnology and the semiconductor
industry, another emerging technology sector. The latter contains many diversified, multibillion dollar firms
and is shaped by confederations of producers banding together to promote technology standards. Biotechnology
firms are smaller and more dedicated, and standards do not affect industry dynamics.



business change leads to the deterioration in the informativess of financial information. We will
demonstrate that the price-earnings relation varies with uncertainty about a firm’s R&D quality.
Third, the long investment cycles of biotech firms, i.e. potential payoffs of R&D follow many
years after the initial investments, makes the setting ideal for real options, such as options to
wait, options to abandon, and options to expand. Other studies, such as Ottoo (1998), Garner
et al. (2002), and Hsu and Schwartz (2003) also provide a real options valuation framework for
biotechnology and drug development firms. Finally, patents are a nonfinancial signal of R&D
quality and are a key value driver for a biotech firm. The availability and importance of patent
information for every biotechnology firm, independent from whether the firm discloses these
patents in its annual report, serves as important input to the learning mechanism. That is,
patents are nonfinancial signals about the quality of a firm’s R&D. We use patent information

obtained from the U.S. Patent and Trademark Office as a proxy for quality.

Contemporary biotechnology is claimed to have originated in 1973 with the discovery in
molecular biology of recombinant DNA and, two years later, of hybridoma technology. These
discoveries created a methodology for synthesizing potential therapeutic drugs that were too
complex to be synthesized through chemical methods used by traditional drug developers
(Schweitzer 1997). The Biotechnology Industry Organization (BIO.org) defines biotechnol-
ogy as 'the use of the cellular and molecular processes to solve problems or make products’. A
biotechnology firm differs from a traditional drug developer by the method of synthesizing ther-
apeutic compounds: a biotech firm manipulates the genetic structure of cells to induce them
to produce specific proteins, whereas a traditional drug firm specializes in extensive chemical
modification of basic chemical compounds (Gambardella 1995). Given the novel technology,
biotech firms are younger and generally more risky than traditional drug firms. Commercial
activity in biotechnology started only after 1980 due to changes in patent law and the success
of the TPO of Genentech in that year. The biotechnology industry is populated primarily by
small and dedicated producers staffed with scientists.

Similar to a traditional drug firm, a biotech firm’s R&D cycle is characterized by several
standardized R&D stages that are monitored by the Food and Drug Administration (FDA):
discovery, preclinincal tests, investigational new drug (IND) submission to FDA, three clinical

trials, New Drug Application submission, and postmarketing testing. On average it took 14.9



years for drugs approved between 1990 and 1996 to be discovered, tested and approved. The
R&D investments made in this long period are on average allocated as follows: 40% for pre-
clinical activities, 30% for clinical trials, and 20% for IND/NDA approvals, manufacturing and
quality control. The Boston Consulting Group estimated the pre-tax cost of developing a drug
introduced in 1990 to be 500 million dollars, including the cost of research failures as well as
interest costs over the entire R&D period. Dimasi et al. (2003) update that number to 800
million dollars for the late 1990s. Dimasi et al. (1995) estimate that on average only 3 out of
10 drugs are able to recoup their R&D investments from their sales. The next section develops

a model for valuing a biotechnology firm.

3 Real Options Valuation Model.

To study the price-earnings relation, we construct a valuation model based on the real options
approach to investment. While the discounted cash flow (DCF) method might be applicable
to the valuation of companies with predominantly assets in place and low level of uncertainty
about future prospects, we believe that the DCF method is inappropriate for the valuation of
biotech companies. In the biotech industry, most of the company’s value comes from its growth
(or investment) options. At an early stage of its life, the company has a very low level of
tangible assets, with the equity value reflecting the expected value of the company’s future in-
vestment projects. Thus we view a company as a combination of options to invest into different
biotech projects. Each project is associated with the development of a particular drug. There
are two options inherent to each project. The first is to initiate the development of the project
by investing in the first R&D stage, the second is to abandon the project if further investment

becomes economically unjustifiable.

We construct a model that captures the typical structure and the timing of R&D investments
in pharmaceutical /biotech industries. The timing of R&D investments and the realization of
the cash flows (conditional on those investments being successful) is an important component in
the valuation of equity. Taking into account the life span and the typical structure of a project

allows us to properly measure the present value of the future cash flows and its contribution



to the market value of equity. Apparently, the relationship between earnings and equity value
depends on the timing of cash flows arriving from different projects, particularly in the early
stages of the life of a company. We believe that the DCF method is not applicable in our
case and may lead to wrong results. As argued by Van Putten and MacMillan (2004), DCF
"works well if we are projecting future cash flows from some historical context, and we are fairly
certain of future trends, but not when our estimates of future cash flows are based on a myriad
of assumptions about what the future may hold”. Start-up biotech ventures have no historical
cash flows /returns and are subject to vast uncertainty of future payoffs.

One could assume that each project arrives with a strictly positive NPV. The DCF ap-
proach would require that such a project be taken immediately. However, there are at least
two problems with this assumption. First, we do not believe that it is a fair representation
of reality. Most research ideas have been around for a while before the management actually
decides to invest as it considers the market potential of the drug high enough. In some cases
it is optimal to postpone the initial investment and observe the changes in the economic envi-
ronment (competitors actions, success of similar drugs, regulations in the industry, evolution of
consumer demand, etc.). Second, this approach would neglect an important component of the
market value of the company - the value of projects that have not yet been undertaken. This
component, denoted by MV;(t) in our subsequent analysis essentially represents the value of
research ideas in the company. It has important implications on equity values and their relation
to earnings. A natural way to value those research ideas is to model them in a real options

framework.

Another problem with the DCF approach is that it ignores the value of abandonment op-
tions by implying that once a project has been undertaken, it will never be abandoned. It
means that once the FDA approval has been received, the company will immediately proceed
with the investment in the production facilities even if the expected costs of such an invest-
ment exceed its expected benefits. This will bias market values towards zero and weaken the
relationship between investments (or earnings) and equity values. Van Putten and MacMillan
(2004) amongst others emphasize the value of the abandonment options in the pharmaceutical
industry and argue that the DCF is not an appropriate valuation technique in this case. We also

believe that it is important to incorporate the abandonment options in our subsequent analysis.



We incorporate the most important characteristics of a real-world biotechnology firm in our
real options model. Similar to Berk et al. (1999), the object of interest in our analysis is the
individual firm, viewed as an entity combining one or more R&D projects. Similar to Klette
and Kortum (2004), we assume R&D projects arrive randomly according to a Poisson process
with an average yearly rate A. Our approach to modeling a single project is based on Healy
et al. (2002), hereafter HMH. However, unlike HMH, our model is constructed in a real options
framework. We assume that the management of the company effectively holds an option to
initiate a project, and will exercise this option optimally. Similarly, any drug project can be
abandoned for purely economic reasons, if the expected revenues to be generated by the drug
once it hits the market are too low to justify investment into manufacturing facilities. Projects
can also be abandoned for technical reasons, for example the death of some patients during

clinical trials, or a rejection from FDA.

The life-span of a project is presented in figure 1. Before proceeding to the commercial
stage, a project must successfully go through three R&D stages. The success in each stage is
uncertain, and there is a positive probability that upon completion of an R&D stage the project

will be terminated and will not proceed to the next stage.

The first stage of a typical project is related to compound discovery and preclinical testing,
lasts for 3 years and requires annual R&D outlays of e¥** RD;. The second stage deals with
clinical trials and lasts for 6 years. The annual R&D outflows during the second stage are
e¥* RD,. Finally, during the third R&D stage, the company files the drug with FDA, which
takes 3 years and costs e¥* RDs yearly.* We use the multiplier e¥’ to account for the growth
in the scale of arriving projects. Here t; is the year in which the project arrives, and v is the
growth parameter.

After a project has successfully passed the three R&D stages, the market success or quality
of the drug is randomly determined. With probabilities ay, as, and a3 the drug falls into one
of the three categories: breakthrough, average, and poor. The FDA sometimes approves only a

portion of the therapeutic indications claimed by a firm. Such FDA actions create uncertainty

4For our simulations we used the following values: RD; = $4.46 Mio, RD, = $2.42 Mio, and RD3 = $1.1
Mio. These values are based on HMH (2002).
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about the revenue potential of a drug up to the very last moment. Once a firm obtains approval
from the FDA, it starts constructing a production facility in year 13. The investment amount Iy,
I5, or I3 depends on whether a firm has a breakthrough, an average, or a poor drug, respectively.

Once a drug enters the commercial stage, it starts to generate revenues for the company.
The magnitude of revenues depends on the quality of the drug (as shown in figure 1). The

contribution of a particular drug (project) to the company’s income in year t is given by

zi [Ri(t) — M;(t) — PC;i(1)], (1)

where R;(t) represents the revenues generated by project i in year ¢, M;(t) and PC;(t) are
the marketing (advertising) expenses and the production costs, and z; is a stochastic variable,
specific to project ¢, which is assumed to follow a geometric Brownian motion with drift ;4 and

volatility o : °
dl’i

)

where W; is a standard Brownian motion.

It is further assumed that stochastic shocks corresponding to different projects are inde-
pendent, i.e. < dW;dW; >= 0 for ¢ # j. We interpret z; as an informational signal available
to management about the future revenue generating potential of a particular drug. Since the
demand and supply in a therapeutic market is uncertain, x; is modeled as a stochastic variable.
Drugs that seem very promising today may turn unprofitable due to some unexpected events
that happen by the time these drugs hit the market, such as the rejection by the FDA of some
of the claimed therapeutic benefits of the drug, or the availability of an alternative treatment.
In general, the stochastic shock captures a number of uncertain factors, such as competitive
environment, current legislation, demographics, macroeconomic conditions, etc. It is important
to note that because managers have (uncertain) information about future potential profits, they
will make their investment /abandonment decisions by incorporating this information into their

actions, as explained in section 3.1.

Unlike HMH (2002), we differentiate between good, poor, and average companies. The
quality of a company is determined by the probabilities of success in different R&D stages. Good

5The term between brackets represents a project’s contribution margin, i.e., revenues minus variable costs.

11



companies are those with higher success probabilities in the R&D stages resulting from factors
such as the excellence of the research team, the efficiency of management, etc. Specifically, we
assume that the probabilities of success in the first, the second, and the third R&D stages are
given by ¢1 = 2q1, @2 = 245, q3 = 2q5, where ¢}, ¢5, and ¢} are some fixed reference probabilities,
and z equals z; = 0.9, 2z, = 1, and 2, = 1.1 for a poor, an average, and a good company,

respectively.®

3.1 Abandonment Options.

Contrary to HMH, we assume that the equity holders (managers) of the company hold a set
of abandonment options for each project. Particularly, upon successful completion of the R&D
stage, the shareholders update their estimate of the stochastic shock x; based on the current
information. They also receive information about the quality of the drug and its market po-
tential, i.e. whether the drug falls into the breakthrough, the average, or the poor class. Based
on this information, the managers optimally decide not to proceed with investment into pro-
duction and terminate the project if the associated value of x; is too low and the expected
future revenues are not sufficient to justify further investments into the project. Thus, there is
a positive probability that a project will be abandoned for pure economic reasons, as opposed
to scientific or medical reasons, such as failure in clinical trials. Dimasi (1995) finds that some
drugs in development are cancelled for economic reasons, which illustrates the importance of
abandonment options.

It is worth noting that the optimal investment and abandonment strategies are not inde-
pendent. The abandonment option is valuable to the equity holders, and they take this value
into account when making their investment decisions.

The optimal exercise policy of the abandonment options has the form of 3 cut-off values,
Y1, Y2, and ys for a breakthrough, an average, and a poor drug, respectively. A project will be
terminated if the stochastic shock x; falls below the corresponding cut-off value: x; < y; (here i
identifies a particular project and j € {1,2,3} denotes the category of the drug (breakthrough,
average, or poor). These cut-off thresholds can be deduced from a simple NPV rule - shut

down the project whenever its NPV is below zero. Appendix A gives more details on how the

6To be consistent with HMH (2002), we set ¢; = 0.54 (i.e., 0.6 x 0.9), ¢4 = 0.31875 (i.e., Phase I x Phase II
x Phase III probabilities, or 0.75 x 0.5 x 0.85), and ¢4 = 0.75.

12



thresholds are determined.
The NPV of a project, which has successfully passed through all three R&D stages is given
by

12
NPV; = ;Y " e% ™ [Ri(t) — Mi(t) — PCi(t)] — I,

=0
where z; is the current state of the stochastic shock (i.e. at the end of the R&D stage). Therefore
the optimal abandonment thresholds are given by

I

S e [Ry(t) — My(t) — PCi()]

3.2 Project Value and Optimal Investment Strategy.

The value of the project initiated at a time when the current value of the stochastic revenue

shock equals x; is then given by

_8747' 4 _6767“ _10r _e—Sr
PV(z;) = —RD, ((ll_e,r)) — @ RDye™* ((ll_e,r)) — qigaRD3e 10 %
[e.9] (0] 2 zZ [l'i€13
+ q1qaqze 13" Z;’:l aj J, Z\/Ql&rﬁ exp <—%> X (2)

(Z 120 6(‘“7”1‘/ [Rj<t> - Mj(t) - PC](t)] - I]) dz.

t=

The first three terms in (2) represent the total expected discounted R&D costs of the project,
while the fourth term provides the expected discounted value of the project revenues net of
marketing and production expenses and investments into manufacturing facilities, conditional
on the abandonment options being optimally exercised.

When a new project arrives, its stochastic shock equals some initial value xy. As was argued
before, the stochastic variable z; represents uncertainty associated with the revenues that can
be potentially generated by the project given that it successfully goes through the three R&D
stages. Apparently, if x; is small, so are the potential revenues and it might not be optimal to
go ahead and proceed with an R&D investment. Even if the NPV of the project (given by (2)
is greater than zero, it may still not be optimal to start the project. The value of the option
to wait must be taken into account when making the investment decision. If by waiting until
uncertainty about future potential revenues (partially) resolves, the shareholders are able to
increase the NPV of the project, and this increase is not eroded by the cost of discounting, it is

optimal to postpone investment into a project that even appears to have a positive NPV. The
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optimal policy with respect to undertaking a new project has the form of an optimal investment

threshold and is further explained in appendix A.

3.3 The Value of the Company.

We assume that at the beginning, when the company is founded and does not yet have any
active projects in its portfolio, the shareholders invest a cash amount equal to the total value
of its growth options or investment opportunities. This cash constitutes the book value of the
company at time zero. Therefore, in our model, at the time when a company is started, both
its market and book values coincide with the value of its investment opportunities. The latter
represents the expected discounted revenues from all future projects net of expected discounted
costs, given that all projects are initiated optimally. Let GO denote the value of the company’s

growth options:
GO(0) = [;7PV(xo)e "'Adt — [[° GAe "dt

= (2)" PV (2") [° eVtemAdt — 94 (3)
= ()" PV -

where x* is given by (A.1), PV (x*) is given by (2), and GA are the annual general and admin-
istrative expenses, which must be incurred to keep the company operational.”

Undertaking new projects requires making continuous R&D investments. We assume that
while the company is young and does not generate any revenues, these investments together
with the general and administrative costs are paid from the proceeds of the initial cash. If the
initial pool of cash is depleted, then new equity is issued to cover the costs. If companies have
costly access to external capital markets, investment intensity depends on the availability of in-
ternal funds. In our approach, however, we abstract from the influence of financing constraints
on the investment policy, as we believe it is not crucial for our study and would not change our

major results.®

"In our model, we set GA proportional to A, a measure of the scale of a company. Thus for A = 4 (4 new
projects arriving annually on average) GA is set equal to $25Mio.

8Introducing financing constraints would slow down the firm’s investment pace (see Kaplan and Zingales
(1997), Moyen (2004), Boyle and Graeme (2003)). In addition to the cost of R&D projects and of building
the production facilities, the firm faces a cost associated with the availability of external financing. Good firms
would on average generate more cash flows and therefore be less affected by the funding constraints. This will
strengthen one our predictions (companies with higher R&D quality have a higher market value compared to
the ones with lower R&D quality). The lower quality companies would be more severely affected by the cost of
raising funds.
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At a certain time some projects finally proceed into the commercial stage and start gener-
ating revenues for the company. At this time, the structure of the company’s assets changes:
investments are made to acquire buildings and manufacturing equipment, and a certain level
of working capital must be maintained to finance receivables and inventory.assets is reflected
in our modelling of the book value.

As was argued before, at time 0, the market value of the company equals the cumulative
value of its investment opportunities net of overheads. At a later period, when some projects
have already arrived and been undertaken, the market value MV can be decomposed into 4

components:

MV (1) = GO(t) + MVi(t) + MVy(t) + MVy(t) (4)

where MVy, MV5, and M V3 are the contributions to the market value from projects which have
already arrived but have not yet been undertaken, projects currently in the R&D stage, and
projects in the commercial stage, respectively. The valuation formula is further explained in

appendix B.

3.4 Learning about R&D Quality.

In our model, at the outset neither management nor outside investors possess perfect informa-
tion about the company’s R&D quality (expertise and capabilities of R&D team). Both parties
believe that the company is a poor, an average, or a good one with equal probabilities. At the
founding of the company, there is only limited information about its potential to successfully
develop drugs. Both management and outside investors rely on historical rates of success to
update their believes about the quality of the company. In a sense, we rely on the strong form
of market efficiency that prevents any asymmetric information between corporate insiders and

outside investors.” Both management’s and investors’ valuation and investment decisions are

9Relaxing this assumption would not change our qualitative results. If management has better information
about the company’s quality then the optimal investment thresholds will effectively reflect this information.
For example if management’s estimate of the company’s quality is better than the investors’ one, the optimal
investment threshold will be lower than the one implied by the information available to investors. In this case,
if management follows the value maximizing strategy, then by observing a company’s investment behavior,
outside investors are able to infer the information available to management, resulting in similar information sets
available to management and outside investors. As long as there is some uncertainty about the R&D quality
on the management side, the problem is identical to our formulation but with a lower degree of uncertainty.
However, given the asymmetric information problem, management might have an incentive to deviate from the
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based on their beliefs, therefore, in year ¢ market value is
MV (t) = MV (t, z = zp1 + zap2 + 2p3),

where py, p2, and ps are the subjective probabilities that the company is of a poor, an average,
and a good quality.

In year 0, py = po = p3 = % Later in time investors update their beliefs based on the track
record of the company’s success in R&D investments. If by the year ¢ the total number of the
investments in the first, the second and the third R&D stages are ni, ny, and ns, while the

number of successful investments are ki, ko, and k3, then the updated beliefs are

bi=——, (5)

where

m= () Gt (=)™ (2] ()™ (1= )™ ™ () ()™ (1= )™
k1 ks ks
(6

and 7, and 13 can be obtained from (6) by replacing z; with z, and z, respectively.

Thus, investors update their beliefs in a Bayesian fashion, and (5) together with (6) repre-
sent the Bayes formula. We assume that all valuation and investment decisions are performed
based on the estimated quality of the company. As we argue below, learning plays an important
role in generating our predictions. Appendix C gives further details on the Bayesian updating
process. Financial constraints may slow down the investment pace of the firm such that it takes
management and investors longer to learn the true type of the company. However, the learning

mechanism described here is still valid under financial constraints.

first-best investment policy and try to send a false signal to the market about the company’s quality to boost the
stock price. To abstract from these complications that provide no additional insight to our predictions, we ignore
the asymmetric information problem by assuming that the information sets of investors and the management
coincide.
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4 Predictions.

We derive our predictions on the relation between market value of equity and earnings from a
series of simulations. We perform 30,000 simulations of the 40 year life cycle of a single company
and set the following parameter values: A =4 (number of projects per year), r = 10% (interest
rate), u = 0.1 (growth rate of expected drug contribution), o = 0.15 (volatility). Changing
these values within reasonable ranges does not alter our predictions. We use the simulation
data on market value of equity, total R&D investments, and net income at each point in the

40 year life cycle and derive our three main predictions.

We investigate the relation between earnings and equity value by using the loess nonpara-
metric local smoother (or local regression model). A smoother is a nonparametric tool for
fitting arbitrary smooth functions to a scatterplot of datapoints (Cleveland et al. 1993). In our
case, the loess smoother summarizes the trend of equity value (MV') as a function of earnings
(N1), i.e., a predicted value of MV at any given point N/ is obtained by doing a least squares
fit using all data points in a local neighborhood of a given value of NI. The size of the local
neighborhoods is determined by the smoothing parameter s. When s < 1, the local neighbor-
hood used at a point NI contains the s fraction of the data points closest to point NI. A
higher s results in a smoother curve. We apply an iterative reweighting of the points in each
neighborhood to improve the robustness of the fit in the presence of potential outliers. Unlike
ordinary least squares regression, the loess local regression does not assume any prior functional
form to describe the relation. Our model does not provide a closed-form mathematical relation
between earnings and equity value.'® Before discussing the predictions, we provide descriptive

statistics in tables 1 to 3 obtained from simulations of key variables in the model.

Table 1 presents the distribution of earnings (NI) at 8 separate times over the 40 year
life cycle of both good and poor R&D firms. During the first 15 years, almost all firms have
negative earnings because revenues are only possible starting from year 13. Over time, good
R&D firms get positive earnings quicker than poor R&D firms. In year 40, 25% of the poor
quality type firms have losses versus 5% of the good type firms.

10We refer to Cleveland et al. (1993) for more details on the loess method.
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Table 2 shows the R&D (RD) investment profile for both types of firms. Given the lower
R&D quality of the poor firms, the R&D investment level is lower than that of the good firms.
The maximum R&D level is reached in year 25 and does not grow afterwards because the scale

of the firm never changes. That is, only a maximum of 4 projects a year can be taken.

Finally, table 3 presents the distribution of equity value (MV') over the 40 year life cycle.
There is a high growth in equity value between year 15 and year 25, that is the period when
firms start having their first revenues from R&D projects undertaken in previous years. Equity

value slowly grows after year 25 for all firms.

Our first prediction relates to the shape of the earnings-equity value relation. Figure 2 de-
scribes a V-shaped relation and is generated from 30,000 simulations of an average quality R&D
firm. We sample 30,000 (NI, MV )-pairs over the 40 life span of a firm. Consistent with what
is observed in reality, a majority of the firms in the simulation analysis has negative earnings.
Panel B is a close-up of panel A for a more narrow region of earnings. Both panels A and B
show a V-shaped relation between earnings and equity value. In our model earnings consist
of three different components: contribution margin (see (1)), R&D spending, and general and
administrative expenses. A company with high earnings is one with many active projects in
the commercial stage, for such a company the major contribution to the market value of equity
comes from those projects. We denote this component of the equity value by MV3 in (4). A
company with even higher earnings has even more projects in the commercial stage and there-
fore a higher equity value. Thus, for positive earnings, we observe a positive relation between
earnings and market value of equity. This result is in agreement with conventional models and

is extensively documented in extant literature.

The relationship between earnings and equity value is reversed for negative earnings. This
phenomenon has been referred to as an open empirical issue by Burgstahler (1998) and is ad-
dressed by Collins et al. (1999). The latter explain that the simple earnings capitalization
model (relating equity value to earnings) is misspecified due to the omission of book value of
equity. They examine three distinctly different roles for book value of equity in a cross-sectional

valuation framework: book value is (1) informative of expected future normal earnings, (2) an
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approximation of abandonment value, and (3) a control for scale differences, and they find sup-
port for the first two explanations. However, we find this negative relation between earnings
and equity value is also generated within the rational framework of our real options model
without relying on the role of book value of equity. The explanation comes from the negative
correlation between R&D investments and earnings. The nature of this relationship is most
obvious for companies in the start-up stage, when revenues are zero. In this stage, for all
companies more negative earnings imply more intensive R&D spending and therefore increase
the market value of equity, in particular its component related to projects in the R&D stages,
denoted by MV5, in (4). We therefore observe a negative relation between earnings and R&D
investment. The same logic applies to later stages in a company’s life cycle: companies with
negative earnings are likely to have very few (if any) projects in the commercial stage because
of the poor luck in past R&D phases. Therefore, MV, constitutes a large percentage of the
market value and the ratio MV, /M Vj is likely to be high for negative earnings companies (and
low for positive earnings ones). As MV, is sensitive to R&D spending, an increase in R&D
would simultaneously lead to a decrease in earnings and an increase in equity value, causing a
negative relationship between earnings and equity value. While a very successful commercial
project will produce a positive effect on the market value, it is also likely to drive the company

out of the negative earnings subsample.

Prediction 1: There is a V-shaped relation between earnings and equity value.

Our second prediction relates to the changing earnings-equity value relation over the life
time of an R&D company. Figure 3 shows the earnings-equity value V-shaped curves at four
distincts points in the life of the company: year 5, 15, 20 and 25. Unreported analysis shows
that the curves in later stages of life are similar to that of year 25 and are therefore omit-
ted. Since revenues are zero before year 13, we observe only negative earnings firms in those
years. Figure 3 suggests that as R&D companies become more mature, the earnings-equity
value curves become flatter for positive earnings companies. We argue that this trend is largely
caused by investors’ learning, incorporated into our model. Consider, for example, a high earn-
ings company at year 15. This company must have had a series of successful R&D investments

at years 1-14. In these early years, the uncertainty of investors’ beliefs about the company’s
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R&D quality was still high. Any successful R&D project was interpreted by investors as an
indication of a high quality of the R&D team, and therefore lead to a substantial increase in
the equity value. On the other hand, a company with low earnings in year 15 must have had a
poorer record of R&D and therefore has been discounted by investors as a ”lower R&D quality”
type. However, the impact of R&D success on the value of equity in later years is smaller, as
the quality of the company is continuously revealed to the market, and the contribution of any
successful R&D stage produces a smaller impact on investors’ valuation of the company. This

causes the slope of the earnings-equity value curve to decrease with the company’s age.

For the negative earnings part of the curves in figure 3 we observe a similar pattern: the
slope of the curve decreases with the firm’s age (with the exception of year 5 discussed below).
The decreasing pattern is again driven by learning: at earlier stages in a company’s lifetime
investors are much less certain about the company’s R&D quality type than at more mature
stages. Therefore, a successful R&D project (associated with further investment in R&D) is
interpreted by the market as a signal of the company’s quality and the equity value increases
by a higher amount than it would at later stages. The year 5 earnings-equity value curve does
not fit in this pattern for the following reason. In year 5, the company is quite young and can
at best have a handful of projects in early R&D stages. It does not have any projects in the
commercial stage or in the late R&D stages. On the other hand, the year 15 curve represents a
more mature company with more R&D projects, some of which are in advanced stages. Con-
sider for example a year 15 company with earnings equal to -$100. On average such a company
would be generating some revenues from projects in the commercial stage, so its average R&D
expenditures are higher than $100. Moreover, some fraction of these expenditures is generated
from projects in advanced R&D stages (stages 2 and 3), whose contribution to equity value is
higher than that of projects in stage 1 (due to lower uncertainty about R&D success in later
stages). On the other hand, a year 5 company with the same earnings (-$100) has zero revenues
and $100 expenditures on first stage R&D projects, and therefore has a lower equity value than
the year 15 company for the same level of losses. Consequently, the slope of the year 15 curve
is steeper - the market value of equity is more sensitive to changes in (negative) earnings - than
the slope of the year 5 curve. Note that the bottom point in the V-shaped curve represents

companies with no active projects, neither in the R&D nor in the commercial stages.
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Prediction 2: V-shaped relation between earnings and equity value becomes less pronounced

as companies mature.

Our third prediction relates to the effect of R&D quality on the earnings-equity value rela-
tion. The simulation results of good and poor R&D firms are presented in figure 4. At year 5
(panel A), the good R&D and poor R&D curves overlap since the short history on R&D per-
formance makes it hard for investors to distinguish between the two firm types. Figure 4 shows
that high quality R&D companies have a higher market value than poor quality R&D firms
for a given level of earnings (both positive and negative) only after several years of existence.
Based on observing R&D activity and R&D successes, investors learn about the quality type
of the firm and price earnings accordingly. Consider two firms - a good R&D and a poor R&D
type - that happen to generate the same earnings in a certain year. For mature companies, the
largest contribution to earnings comes from revenues generated by projects in the commercial
stage. Therefore, the two companies are likely to have similar revenues, and also similar M V3
equity value components in (4). However, the average contribution to equity value of projects
in various R&D stages (i.e., the MV, component) is higher for a good R&D company than it is
for a poor R&D one. A larger MV, component causes the equity value of a good R&D company
to exceed that of a poor R&D company. Our model formalizes predictions on the effect of R&D
quality on the valuation of R&D (a component of earnings) made by Bowen and Shores (2000)
and Shortridge (2004). In addition to the good-poor R&D quality distinction found in these
papers, we show a changing R&D quality pricing over the life cycle of a R&D company.

Prediction 3: Companies with higher R&D quality have a higher market value compared to

companies with lower R&D quality for the same level of earnings.
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5 Empirical Analysis.

5.1 Sample Selection.

We select a sample of scientifically-oriented biotechnology firms with an IPO between 1980 and
2000. Similar to Zucker, Darby, and Brewer (1998), we focus on new dedicated biotech firms
as opposed to pre-1980 biotech firms for which biotechnology is often a minor part of the value
of the firm. We initially select all IPOs for which the SDC database reports a biotechnology
indicator equal to one. We then select the science-based firms by only considering those firms
active in the following industries: “medicinal chemicals and botanical products” (SIC 2833),
“pharmaceutical preparation” industry (SIC 2834), “in vitro and in vivo diagnostic substances”
(SIC 2835), “biological products, except diagnostic substances” (SIC 2836), and “commercial
physical and biological research” (SIC 8731). The included SIC codes for the biotech sam-
ple are consistent with standard industry classifications for scientifically-oriented biotech firms

(Ernst& Young 2000). Compustat data requirements result in a sample consisting of 301 firms.

5.2 Variables.

The dependent variable is market value of equity, measured at the end of the fiscal year (Com-
pustat datal99xdata25). All financial variables are adjusted for inflation. The key explanatory
variable is earnings (N 1), measured as income before extraordinary and special items (datal8
minus datal7). One important special item in the biotechnology industry is the write-off of
acquired in process R&D (data388). Compustat also treats the write-off as a component of
R&D (datad6). We eliminate the write-off of in process R&D because it is a transitory earn-
ings component and we only want to make predictions about the relation between persistent
(or, core) earnings and market value of equity. Our theoretical model does not make any pre-
diction about write-off decisions. Also, Turner (1999) indicates that firms were overstating
the fair value of in-process R&D in the 1990s. They did so to minimize the amount of good-

will recognized under the purchase method and thus to minimize future goodwill amortizations.

We have two variables measuring R&D quality: growth in R&D iunvestments (RDGROW)
and recently obtained patents (PAT). Unlike Shortridge (2004) who uses the number of drug
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approvals (NDAs) by the FDA to measure R&D success of mature pharmaceutical firms, we
cannot use NDAs for the simple reason that many biotech firms have no approvals in their
first years of existence. Alternatively, we could consider using the passage of a potential drug
through the various FDA clinical trials as a measure of R&D success. Joos (2003)and Shin
(2003) argue that management has opportunistic interests in reporting successes and failures
in these various R&D stages. Firms almost never disclose failures in clinical trials and only
report successes in later R&D stages. That leaves us with two nondiscretionary measures of

R&D success, one taken from the annual report and another from the US Patent Office.

The first variable, RDGROW , is the annual growth in R&D investments (adjusted for in-
process R&D write-offs) and is an input oriented quality measure. We use an indicator version
of the variable in the regressions, and the variable is equal to 1 if a firm has a higher growth
in R&D than the median growth of a group of same-age firms. Management will only invest
more in R&D when prior stages in the R&D process were successfully completed and there-
fore more investments are needed in later stages, or when new projects are started because
their expected contribution exceeds the optimal investment thresholds explained in section 3.1.
Assuming that management does not incur wasteful R&D spending and only invests when it

is optimal to do so, growth in R&D signals both past success and expected future R&D returns.

For our second variable, similar to Francis and Smith (1995) we count the total number of
approved patents in the most recent 2 years, obtained from the US Patent and Trademark Of-
fice. Prior literature has found evidence that patent counts are associated with changes in firm
value, subsequent firm profits, and sales growth (Griliches 1990). PAT is an indicator variable
equal to 1 if a firm has more patents approved in the last two years than the median level of ap-
proved patents in a group of similar age biotechnology firms. PAT is an output oriented R&D
quality measure, i.e., patents are the result of past research efforts. Unsuccessful R&D invest-
ments do not result in patents. Patents also give a firm a monopoly right to its discoveries for
a period of 20 years. Therefore, R&D benefits are legally protected from competition resulting
in potentially higher sustained revenues from selling patent-protected producted or from selling
a license on the patents to other firms. Patents are obtained from the U.S. Patents database of

Community of Science, a comprehensive bibliographic patent database that contains more than
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1.7 million patents issued since 1975. Patents are measured at the firm level, so we aggregate
the patent information from the parent company and its wholly owned subsidiaries in each
year. We use Bioscan and Securities Data Company’s Platinum M&A database to determine a
firm’s subsidiaries, ownership and acquisition date. Malerba et al. (1997) give some caveats on
the use of patent count data.!! Since Holthausen et al. (1995) show that patent citations show

no statistical relation with a firm’s innovation activity, we prefer a simple patent count measure.

We control for heteroskedasticity in our regressions by scaling all regression variables by
lagged market value of equity and we report White-corrected standard errors. Scaling is neces-
sary because large firms tend to report larger losses, often due to write-offs. Our theory does
not explain write-offs, rather investments in R&D, capital expenditures and acquisitions.!? We
choose not to scale our variables by number of shares as in Collins et al. (1999). In a cross
section, the number of shares is arbitrary and is therefore not a meaningful scalar. Collins et al.
(1999) include book value of equity as a size control in their regressions. We choose not to use
book value of equity in our main regressions for the same reason as Hand (2003): book value
and market value are almost mechanically linked in a setting of IPO firms.'® Notwithstanding
that criticism, we report a similar regression specification as in Collins et al. to investigate
whether losses have a significant relation with firm value even after controlling for book value

of equity.

Finally, firm age (a measure of firm life cycle or R&D maturity) is measured by the number of

"First, not all innovations are patented by firms. Secrecy, particularly in the case of process innovations, is
sometimes a more effective appropriation mechanism. However, in the biotechnology industry, firms file their
product patents early in the innovation process as part of the R&D process. Second, patents do not grant
complete monopoly power to a firm. The reason is that biotech/pharmaceutical firms can frequently discover
and patent several different drugs that use the same basic therapeutic mechanism. Third, patents have an
extremely skewed distribution of private patent values, meaning that only a small fraction of patents has a high
value (Hall et al. 1999). As a result, a simple patent count is expected to be a noisy measure of a firm’s R&D
success.

12For that reason, we measure earnings before discontinued operations and special items.

13Hand (2003) gives the following example to illustrate the inappropriateness of book value of equity as a size
measure. “Suppose that two years after being founded, a company has 100 shares outstanding and zero book
value of equity ($50 of contributed capital offset by $50 of accumulated losses). Suppose further that the firm
then goes public by selling 10 percent of its existing shares to the public for $500. At that point its market
value is $5,000 and its book value of equity is $500. However, the book value figure is entirely determined by
and reflective of the IPO price. As a result, the inclusion of book value runs the high risk of simply regressing
current market value on lagged market value.”
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years since IPO. Similar to Jovanovic (2004) we capture different stages in a firm’s life cycle and
uncertainty surrounding the R&D quality with firm age. We realize that firms have discretion in
the timing of their going-public decision, resulting in firms having their IPO at different stages
in their life cycle. Chemmanur and Fulghieri (1999) show that cross-sectional variations across
industries in the average age of the firms going public are a function of venture capital funding,
the enterpreneur’s private information and investment technology, hot issue periods (demand).
Since we study one specific industry with very a significant venture capital presence (more
than 80% of the firms are VC funded), similar technology and similar degree of information
technology, we believe age since IPO is an adequate measure of life cycle. We group firms
into five age groups, three startup groups (IPO year, one year after IPO, and 3-4 years later),
one intermediate (5-10 years after IPO) and one mature group (older than 10 year). As a
sensitivity check, we also perform our analyses with age calculated as the number of years since

the incorporation date, and the results are qualitatively the same.

5.3 Statistical Analysis.

We test our predictions on the price-earnings relation in the biotechnology sample by regressing
market value of equity on positive and negative earnings while controlling for scale. We perform
these regressions for each age group to test our second prediction. We also interact positive
and negative earnings with our two R&D quality measures, RDGROW and PAT to test our
third prediction. R&D quality affects the valuation coefficient of earnings, and is not included

as a separate variable representing R&D capital.

Model 1: Mj\{/ﬁl = ap+ a1 DPOSNI; + g M\}tq +as M]\{/{il + a4y DPOSNI; x M]\\f/{l,l !
Model 20 MV = 3+ B DPOSNI, + fayrii—

+B3 5 % (1= DPOSNI) + Bagpi= x (1 — DPOSNI;) x RDGROW;

+0s s X DPOSNI; + s gy~ x DPOSNI; x RDGROW; + &3
Model 3: M]\{/ﬁ1 = Y% +BDPOSNI; + 72ﬁt,1

+3 314 X (1= DPOSNIL) +yaghi= x (1 — DPOSNI;) x PAT,

+5 34 X DPOSNI; + 6 3his x DPOSNI; x PAT; + 3

where DPOSNI is a dummy equal to 1 if a firm has positive earnings and 0 otherwise, NI
represents earnings, RDGROW is a dummy variable equal to 1 if a firm has above median

annual R&D growth among similar age firm and 0 otherwise, PAT is equal to 1 if a firm has
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more than the median approved patents in the last two years among similar age firms, and 0

otherwise.

The models are estimated both on the entire sample (across all firm and years) and across
firms that belong to 5 different age groups (stages in a firm’s life cycle): 1, 2, 3-4, 5-10, and
>10. Observations are considered to be outliers if their studentized residual exceeds two. We

report t-statistics based on White-corrected standard errors.

The first prediction (price-earnings relation is V-shaped) is tested with model 1 and we
expect ag (coefficient on losses) to be negative and as + ay (coefficient on positive earnings) to
be positive. The second prediction (V-shaped price-earnings relation becomes flatter over time)
implies lower as and as + a4 coefficients as firms become more mature. The third prediction
(higher R&D quality translates into a steeper V-shaped price-earnings relation) is tested by ex-
amining the significance of 4 (74) and fg (76) in model 2 (model 3). Investor learning implies
that these coefficients might not be significant at early life cycle stages because R&D quality
signals might be too uninformative. As firms become older, their true quality is revealed and
is priced accordingly, resulting in lower earnings coefficients for lower quality firms compared

to higher quality firms.

Given the popularity of the Ohlson model in the recent accounting literature, we regres
market value on book value of equity and earnings. As in Collins et al., we test whether the
coefficient on losses (i.e., ag in model 1) becomes insignificantly different from zero when book
value is included in the regression. The residual income model does not predict a significant

valuation coefficient on losses.

5.4 Empirical Findings.
5.4.1 Descriptive Statistics.

Table 4 presents distributional features of the key variables for the biotechnology sample. The
underlying observations correspond with the observations used in the regressions (after outliers

have been removed based on studentized residuals). The average firm has a market capitaliza-
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tion of 574 million, 5.4 million losses, 75 million revenues, 27 million R&D investments, 39%
annual growth in R&D, and 10.5 patent approvals per year. Many of these variables are heav-
ily skewed given the often large discrepency between the sample average and median. Only
20% of all firm-year observations are positive earnings firms, consistent with the notion that
the biotechnology industry is an emerging technology with very long investment cycles. The
average profit firm is more than five times larger in market value of equity and has more than
thirteen time more revenues than the average loss firm. Profit firms are more likely to be more
mature firms with their own products on the market. The growth in R&D is also smaller for

profit firms, consistent with decreasing growth in mature life stages.

Table 5 shows a breakdown by age group. Average market value of equity is growing from
217 to 2,045 million over a 20 years life cycle. Consistent with figure 1 and the similation
results presented in tables 1-3, the average biotechnology firm increases its losses in its first
5 years (due to increased R&D investments) and becomes only profitable after more than 10
years. Revenues modestly increase over the first ten years from 21 million in the first year to
72 million in years 5-10.Early revenues are typically derived from licensing out discoveries and
patents or by performing customer-sponsored R&D for larger traditional pharmaceutical firms.
The proportion of profit firms is changing 15% in the youngest age group to 44% in the mature
group. The patenting activity over time is consistent with table 2 in Sorensen and Stuart (2000):
there is a significant increase in patent approvals over the life cycle going from 5 in the first year
to more than 20 in the mature stage. Finally, the number of firm-year observations is varying
significantly across the five age groups. Many biotech TPOs occurred after 1993 and therefore
do not enter the older age cohorts. In addition, 122 (40% of sample) biotech firms disappear
from the sample because of bankruptcy or because they are acquired by larger pharma firms
(Joos 2003). Unreported analysis reveals that of all delistings that occur in the biotechnology
industry in the first 20 years of their existence, 11% occur between age 4 and 6, 31% between
age 7 and 9, 24% between age 10 and 12, 19% between age 13 and 15, and 15% between age
16 and 20.*4

14CRSP delisting codes different from 100 indicate a delisting.
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5.4.2 Regression Results.

Table 6 shows the results for the first two predictions. First, the V-shaped price-earnings re-
lation is clearly observable in the significantly negative coefficient on losses (-1.6 across all age
groups) and the positive coefficient on profits (4.1). The difference between loss and profit coef-
ficient is also statistically sigificant. Unlike the finding by Collins et al. (1999) that the negative
coefficient on losses becomes insignificant after controlling for size by book value of equity, we
report in table 7 a significant coefficient on losses after controlling for book value, which is only
slightly reduced in magnitude from -1.6 to -1.3. this is not the case in our biotechnology setting.
So what explains the difference in price-loss relation between our empirical setting of emerging
biotechnology firms with long investment cycles and the Collins et al. findings for all Compu-
stat firms? In the theoretical section of this paper, we explain that losses are mainly driven
by R&D investments with uncertain payoffs in the form of revenues (potentially) many years
later. Management will only undertake R&D investments if the expected future contribution of
a project exceeds a threshold that is determined in a real options framework. If stock markets
are efficient and investors recognize the potential benefits of these ’optimal’ investments, then
investors are willing to further finance the growth in R&D investments (since biotechnology
firms are not generating enough positive cash from operations), even if that means increasing
the loss for some extended period.!® The nature of a biotechnology firm’s loss is therefore dif-
ferent from a loss in other industries with shorter investment cycles. Typically, losses are not
sustainable over a long period, and large losses are often the result of write-downs of existing
assets-in-place. Those losses result from conservative accounting that requires firms to recog-
nize all anticipated future losses, but not the future profits (Watts 2003). One can argue that
R&D expensing is also conservative since future benefits are not recognized until realized, and
therefore R&D investments cannot be capitalized. We argue that the main difference between
R&D-generated losses and other losses is the sustainability, where the former can be sustained
as long as R&D investments (without corresponding revenues) are made in an ’optimal’ in-
vestment decision context, as we outlined in our theoretical model. That is, investors will not

continue financing a firm’s losses if that firm has no viable projects.

15For example, Sepracor Inc. is a biotechnology firm that was founded in 1984 and became publically traded
in 1991. The firm widened its loss from -6 million in 1991 to -135 million in 2003 (-276 million in 2002). Product
revenues only really took off in 2001. Sepracor has been steadily increasing its R&D spending from 9 million in
1991 to 220 million in 2003.
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Additional evidence of our real option-driven loss valuation explanation is also present in
tables 6 and 7, where the losses of mature biotech firms (i.e., older than 10 years) have no signif-
icant relation with equity value (coefficient is -0.1), whereas losses of startup and intermediate
biotech firms (i.e., firms where the option component of equity value is more important than
the assets-in-place component) are still significantly negatively related with equity value. The
result holds regardless of controlling for book value of equity. More so, the valuation coefficient
on book value and earnings of mature biotech firms resemble those reported by Collins et al.
(shown on the bottom line of table 7. That suggests the Ohlson model is more descriptive for
firms without significant option components in their equity value, for example more mature
high tech or non-tech firms. However, since the early 1990s, there has been a wave of newly
listed firms predominantly from high-tech industries where our valuation model better explains

the relation between stock prices and earnings.!®

The empirical findings on the second prediction - the loss and profit coefficients decrease
with firm age - are also presented in table 6. As predicted, the regression coefficients on losses
show a monotonic decline over the life cycle of the biotech firms from -2.5 to 0.1, ignoring the
first year. The first year regression uses the equity value at IPO date as the lagged equity value
MV,_1, which might be problematic if the IPO date was close the the fiscal year end date. In
that case, MV, and MV,_; are highly correlated. That also poses a problem in table 7 where
BV, and MV;_; might be highly correlated as well at the date of IPO. We therefore do not
want to overweight the regression results in the startup year.

The coefficients on profits decrease in the first four years after IPO, but increase afterwards
from 1.3 to 5.5. That could be interpreted as evidence against our second prediction. One
explanation for the trend in the positive earnings coefficient after year 5 is survivorship. In
the previous section we discussed the distribution of delistings across age groups, with 50%
of delistings occurring between years 7 and 11. As a result of these delistings, more mature

age groups consist of proportionally higher R&D quality firms, with higher absolute earnings

6Fama and French (2004) report that public equity financing dramatically expanded in the 1980s and 1990s
and that the cross-section of profitability of newly lists progressively became more left skewed and growth
became more right skewed, both characteristics of high tech startup firms. The proportion of IPOs with
negative earnings in the listing year rises from 18.5% in 1973-1979 to 44.2% in 1990-2000, and even 72.5% in
2001.
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coefficients (see prediction 3). The changing price-earnings relation is still consistent with our
learning explanation, since low R&D quality disappear from the sample because investors are
not willing to finance these firms after learning about the poor track record. Another interesting
result in tables 6 and 7 is the declining R? over the life cycle of the firm, even when ignoring
the first year of IPO. The higher explanatory power of a price-earnings regression in earlier
years of the life cycle can come as a surprise to people who believe that earnings of startup
(high-tech) firms have no association with equity value. For example, Amir and Lev (1996) in-
dicate that financial information - such as earnings and book values - of firms in fast changing,
technology-based industries appears to be of limited value to investors. They specifically cite
telecommications, biotechnology and software companies as their example industries. We show
that earnings of startup firms with predominantly real options as value components serve as
an important quality signal, and therefore do have a high correlation with equity value. For
example, greater losses are a signal of more investments undertaken by management and are
translated into higher equity value. However, in later years of the life cycle, losses are become
less frequent in the cross-section and investors have a more accurate assessment of firm quality
(from a longer history of prior investments and outcomes). For a given level of losses, investors
can better distinguish between high and low quality firms, resulting in higher dispersion in
equity values, and thus a lower R2. That is, losses from low quality firms would have a low
association with equity value, whereas losses of high quality firms would be significantly asso-

ciated with equity value.

Table 8 presents the findings on the third prediction with R&D quality measured by annual
growth in R&D (RDGROW), i.e., an input-based quality signal. Firms with an annual growth
rate below the median of similar age firms are classified in the low RDGROW group. As a
sensitivity test, we also used an absolute growth cutoff of 0% and 5% to classify firms into low
and high RDGROW group. The results are qualitatively similar. High quality loss firms have
a significantly more negative price-earnings (3; coefficient than their low quality counterpart.
In addition, losses of mature low quality loss firms have no significant 33 valuation coefficient,
suggesting that these losses are valued in a similar way as documented by Collins et al. (1999)
for a broad cross-section of Compustat loss firms. The finding is an important extension to

the valuation of losses in table 6: as loss firms mature and investors/management have a
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more accurate assessment of firm quality, only high R&D quality loss firms have a significantly
negative earnings valuation multiple and low quality losses have no relation with equity value.
In both the startup and intermediate stages, low quality firms still have a significant coefficient
on losses (although lower than high quality firms) because investor learning is still ongoing. The
R&D growth signal is not sufficient to assess the quality of younger firms. Alternatively, the
noise in our R&D quality proxy RDGROW might vary across age groups, and might perform
better in later age groups.

Consistent with prediction 3, the valuation coefficient on positive earnings is higher for high
R&D growth firms compared to low growth firms, although the difference is not always statis-
tically significant. Given the relatively low frequency of profit firms across all age groups, the
t-tests have low power. In addition, the R&D growth variable might be a noisy proxy of firm
quality. After controlling for R&D quality, the R? in the regressions (ignoring the first year)
does not show the decreasing trend over the life cycle as in the previous two tables (even after
controlling for book value of equity). We interpret this finding as evidence of investor learning:
investors are better able to assess firm quality in later life cycle stages and therefore controlling

for firm quality is more important in these stages.

Table 9 provides the regression results for model 3. Here we use a patent count variable as
a way to distinguish between high and low R&D quality firms, i.e., an output-related quality
measure. The findings on the valuation of losses is similar to the previous table. Generally
speaking, the coefficient on the losses of the low patent group (73) is lower than that of high
quality firms, and losses of low quality mature firms have a zero statistical association with
equity value. The same is true for profit firms, although the difference between high and low
quality positive earnings coefficient is never statistically significant. Again, we suspect the test

suffers from low power due to the low frequency of profits in the biotechnology industry.

To summarize our findings on the valuation of losses, our results are consistent with the
predictions from our real option model and suggest that investors significantly value losses of
high quality firms and only value the losses of low quality firms when these are in early life
cycle stages with sufficient uncertainty about future R&D payoffs. Once investors learn about

the quality type of the loss firm over time by looking at the track record of a firm, they do
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not value losses of low quality firms anymore. Losses in mature firms are only significantly

associated with equity value for high quality firms.

6 Concluding Remarks.

In this paper we examine the relationship between earnings of research-intensive firms and their
market equity values. We propose a real option based model that allows us to simulate the
life-cycle of a typical biotechnology firm. We use this model to generate and explain a set of
predictions regarding the price-earnings relations of research-intensive companies across their
life cycle and across R&D quality groups. We then provide empirical support for the predictions

of our model.

We contribute to the price-earnings literature in three ways. First we offer a theoretical
explanation for the negative earnings-equity value relationship, which does not rely on book
value as an omitted variable, as in Collins et al. (1999). In our model, this negative relation
is primarily caused by the fact that R&D investments are positively correlated with market
equity value and negatively correlated with earnings. Assuming that firms optimally invest in
R&D and do not engage in wasteful spending over longer periods, firms might increase their
loss while increasing their market value. Even when we control for book value of equity in our
price-earnings regressions, the negative price-loss relation remains significant. Our empirical
findings indicate that the Collins et al. result on the valuation of losses only apply to low option

intensity firms (non-technology firms or more mature high-tech firms).

We also contribute by exploring the price-earnings relation over the life cycle of a firm and
find results consistent with investors learning about the quality of the firm over time. We show
that the price-earnings relation is stronger in earlier life cycle stages when investors have more
uncertainty about firm quality. This finding is in contrast with statements in the popular press
or previous studies such as Amir and Lev (1996), who claim that earnings, book values and
cash flows generally fail to provide value-relevant information to investors in intangible intensive

industries (such as cellular companies).!” However, in later stages when more uncertainty is

1"Hand (2003) is an exception to that view and shows that the pricing of profits and losses become less
negative over time in his sample of internet firms. Hand attributes the time trend to decreasing economic
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resolved, the price-earnings relation is weaker and consistent with Amir and Lev (1996) if one
does not properly control for firm quality.

Finally, we contribute to the accounting-based valuation literature by introducing a real
option valuation model that is well suited for the valuation of R&D firms, especially in stages
where options are more important than the assets-in-place. Given the increased importance
of newly listed high-tech firms in our economy in the last decade, the importance of such a
model can only increase. The traditional DCF valuation model (including the Ohlson model)
does not incorporate expansion and abandonment options in equity value, and generates in-
correct price-earnings predictions for early and intermediate option-intensive firms. We also
model the role of firm quality in the price-earnings relation and provide a theoretical setting
for valuing nonfinancial measures (R&D quality measured by patents approved). Prior studies,
such as Amir and Lev (1996) and Demers and Lev (2001), study the valuation of nonfinancial
measures by simply aggregating financial and nonfinancial variables in a linear regression. We
show that nonfinancial measures affect the parameters in a valuation model (the real option

based investment thresholds), resulting in a different valuation weight on the financial variables.

Biotechnology firms have a long investment cycle with high uncertainty about the payoffs
for a long period of time. Future research could address the sensitivity of the price-earnings

relation to the length of the investment cycle in other industries.

differences among internet firms as the sector matures. Based on our theoretical model, we argue that investor
learning about the quality of the firm explains the trend in the earnings valuation coefficient over the life cycle.
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Appendix A
Determining the Optimal Investment Threshold.

Proposition

The optimal investment policy is to initiate a project i at the first passage time of the stochastic

shock x; to a threshold z*, given by

x —argmax{ )} (A.1)
- B \/— % (A.2)

where

b=

l\.’)\r—t
l\’)

and PV (z) is given by (2).

Proof

Consider a project that has arrived, with the corresponding state of the stochastic shock z. Let
V' (x) denote the value of the shareholders’ option to initiate the project. Obviously, if = is small, it is
optimal not to go ahead but wait until some of the uncertainty about future market potential of the
drug resolves. In this region the value of the investment option must satisfy the following Bellman
equation:'®

V(x) = Ex[e "V (z + dx))] (A.3)

where E, is the expectation operator. Equation (A.3) by applying Ito’s lemma can be converted to
the following ordinary differential equation:
1 5 ,d*V(z) n v (z)

50— pr— = = rV(z) =0 (A4)

which has the following solution
V(z) = Az’ + Bz (A.5)

where A and B are some constants to be determined by the boundary conditions, 1 an (s are the

18This approach has become standard in real options literature after the pioneering work by McDonald and
Siegel (1984) and Pindyck (1988). For a general review of real option investment models see, for example, Dixit
and Pindyck (1994).
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roots of the quadratic equation 028(3 — 1) + uB —r = 0;

1 1 12 o
m=—“+¢—“ +5>0

1 1 12 9
&=—%—¢—% + 55 <0 (A.6)

Investment is optimal when z reaches a certain threshold x* and happens at the first passage time
of the stochastic shock x to this threshold. The value of x* together with the unknown constants A

and B must be determined through the following set of boundary conditions:

lin%V(ac) =0

V(z*) = PV(z*) (A7)
dV (x) __ dPV(x)
dz 1T¥ dx x*

The first condition ensures that when the market potential of a particular drug is very small, so is
the value of the option to invest into this drug. The second condition simply equates the value of the
investment option to the value of an active project at the date of investment. The third condition is
a ”smooth-pasting” one, that together with the former two ensures the optimality of investment.?

By plugging (A.7) into (A.5), we get

B=0 A=) (A.8)

and
PV (z*) _ dPV (x)

T* dx

P

. (A.9)

The optimal investment threshold must be determined by numerically solving (A.9). One may notice

that (A.9) is equivalent to the following formulation:

x*_a@nmx{<i>mqu@}

YFor a detailed discussion of smooth-pasting conditions, see Dumas (1991) or Dixit (1993).
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Appendix B

Market Value Decomposition.
The value of the firm is given by:
MV (z,t) = GO(t) + MVi(x,t) + MVa(x,t) + MVs(z,t).

The first component, GO(t), refers to the value of the company’s investment opportunities:

GO(t) = ¥t (@) PV (z*)

a:.*

A GA
r—a T

given by (3). PV (z*) is derived from (2) and z = z;... x, is the vector of the states of stochastic

shocks corresponding to different future revenue generating potential of a particular drug.

The second component, MV (z,t), is the market value generated from projects which have already

arrived but have not yet been undertaken
MVi(z,t) Zewt (x> PV (),

where t; is the year of project #'s arrival.

The third component, MV;(z,t), is the market value generated from projects in the R&D stage.
We distinguish between three different R&D stages : (1) discovery and pre-clinical trials, (2) clinical
trials, and (3) FDA submission.

(10—7;)r (1—e?)

—a1RD —(4—T)r
q1 2€ (1 _ e*T)

—(4=7i)r 1 — 67
MVy(z,t) = ZW{ rD, L —¢ ) e

(1—e) (1—e)
3 o 1
(13—7:)
+ q1q2q3€e / X
1 g 2y/2(13 — 7;)mo?

0g?(z/z;e13-7) Z
exp— gz(ué s . <ZZe<“‘”f B(t) = My(t) = PO;(D] = Ij) "
i t=0

for the projects in the first R&D stage, where 7; is the year of the project (the number of years passed
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since the project was initiated),

(1 o e—(lO—Ti)T

1— —3r
MVy(z,t) =Y e¥"{~RD; - quDge*UO*ﬁ)Tw

(1—e") (1—eT)
3 [e.e]
+ 6—(13—7'7)7‘ o
s ; ! 2(13 — 7)o
log?(z/x;e13=T)1 = _y
exp B (23 Ry (0) - b 0) - POy 1 ) d2)
¢ t=0

for the projects in the second R&D stage, and

(1 o 67(13771‘)7")
(1—e")

3 %) 1
+qS€(13n)TZaj/ 2(13 — r)ma? |
—

j=1 Yj

MVy(z,t) =) e¥{~RDj

I\

for the projects in the third R&D stage.

The last component, MV3(z,t), is the market value of projects in the commercial stage:
12—85,

MVs(a,t) = > ey Y e [Ri(t+ 5i) — Mt + ;) — PCi(t + )],
5 =0

where s; is the year in the commercial stage.
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Appendix C
Bayesian Updating.

Let m = Plky, ke, k3|poor,ni,n2,n3] be the conditional probability of the numbers of successful
investments in the first, the second, and the third R&D stages being equal to k1, k2, and k3 respectively,
given that the company’s R&D is of the poor quality and that the total numbers of investments in the
corresponding R&D stages are nj, ng, and ng. Similarly define o = P[ky, ko, ks|average, ny, no, ns)
and n3 = Plky, ko, k3|good, ny,n2,ns]. Then the conditional probability that the company is a poor
R&D quality type is given by the Bayes rule:

P[pOOT|k‘1, k27 k37 ni,na, n3]
Plpoor,k1,ka,ks|n1,m2,n3]
Plky,k2,ks|n1,n2,n3]

Plk1,k2,ks|poor,ni,n2,ns) P [poor]
Plk1,k2,ks|poor,ni,na,ns| Po[poor]|+Plki ks ,ks|average,ni ,na,n3| P laveragel+Plki k2 ,ks|good,n1,n2,m3] Py [good]
P[kl ,kQ ,kg ‘pOOT,'f‘h NP} ,'flg]
Plk1,k2,ks|poor,ni,na,ns|+ Plk1,k2,ks|average,ni ,na,nzl+Plki,k2,ks|good,n1 ,na,ns]
m

3 9
En

where Py[poor] = Pylaverage] = Polgood] = % are the initital year 0 probabilities of the company
being of the corresponding type.
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Table 1:

Simulation Results: Net Income Distribution over a Firm’s Life Cycle ¢

ntiles NI5 NI10 NI15 NI20 NI25 NI30 NI135 NT40
Good R&D Firms

P1 —99.1 —137.5 —156.4 —141.1 —114.9 —104.6 —92.0 —86.5

P5 —88.0 —123.0 —139.4 —-116.9 —71.7 —46.5 —23.0 —8.4
P10 —83.5 —114.6 —129.8 —101.5 —35.6 8.6 40.4 63.5
P15 —-79.0 —109.8 —123.8 —89.5 2.1 60.5 99.3 130.5
P20 -76.5 —106.7 —118.9 —77.9 40.9 115.6 162.3 197.8
P25 —74.4 —-102.9 —114.8 —66.6 81.7 175.9 230.6 273.8
P30 —-72.0 —100.4 —111.0 —53.8 126.9 240.4 308.6 355.0
P35 —69.9 —98.0 —107.5 —38.0 180.1 314.7 396.1 446.1
P40 —-67.9 —95.6 —104.2 —20.5 242.6 396.9 501.3 545.3
P45 —67.5 —93.2 —101.0 0.1 317.2 493.8 611.0 653.4
P50 —65.1 —90.0 —97.7 25.5 404.0 607.9 729.4 772.8
P55 —63.0 —87.6 —94.2 53.5 506.7 729.5 854.1 905.3
P60 —60.9 —85.2 —90.7 91.0 630.7 870.1 998.8 1057.1
P65 —60.6 —82.4 —86.7 136.2 770.2 1022.2 1156.7 1227.5
P70 —58.5 —80.0 —82.7 195.1 940.0 1206.2 1340.4 1419.4
P75  —56.1 —77.2 —78.0 276.3 1133.4 1415.9 1559.4 1640.6
P80 —54.0 —73.4 —72.4 381.4 1367.4 1663.7 1833.7 1917.0
P85 —51.6 —69.2 —65.1 537.8 1668.0 1988.6 2176.5 2279.0
P90 —47.4 —64.0 —b4.7 757.7 2096.1 2455.1 2661.1 2767.4
P95  —42.9 —56.8 —8.2 1190.7 2881.8 3263.4 3511.7 3636.2
P99 —-36.3 —43.6 163.2 2165.1 4848.9 5274.1 5490.5 5629.0

Poor R&D Firms

Pl —99.1 —128.3 —138.9 —128.6 —113.9 —108.4 —105.6 —106.0

P5 —88.0 —114.0 —121.9 —104.4 —88.6 —83.5 —81.7 —81.3
P10 —83.1 —107.0 —112.6 —92.1 —73.7 —68.2 —66.6 —66.4
P15 —79.0 —102.2 —106.4 —84.2 —62.6 —55.4 —52.7 —52.2
P20 -76.5 —98.0 —101.1 —78.1 —51.0 —41.4 —37.4 —34.7
P25 —74.1 —94.5 —96.6 —72.7 —37.9 —23.9 —18.1 —14.2
P30 —-72.0 —91.4 —-92.5 —67.6 —21.4 —-3.1 4.2 8.8
P35 —69.6 —88.7 —88.7 —62.2 —2.9 19.5 27.8 33.9
P40 —67.5 —86.2 —84.9 —56.5 18.8 46.0 56.9 62.1
P45 —65.4 —82.4 —81.7 —49.3 44.1 77.0 89.6 100.3
P50 —65.1 —80.0 —78.4 —39.8 75.0 116.4 132.5 143.9
P55 —63.0 —77.2 —75.2 —26.6 115.2 166.4 186.3 200.8
P60 —60.6 —73.7 —72.1 —10.4 166.9 230.5 260.2 278.0
P65 —58.5 —70.6 —69.1 10.0 238.4 314.7 359.1 377.3
P70 —56.4 —68.2 —66.1 36.7 340.3 432.0 488.5 506.7
P75  —56.1 —63.7 —62.7 76.0 476.8 578.4 642.9 671.8
P80 —51.9 —59.9 —59.2 135.8 663.4 773.6 841.4 878.7
P85 —51.6 —56.8 —55.0 232.7 906.0 1033.3 1106.2 1145.4
P90 —47.1 —52.2 —49.6 410.4 1272.3 1406.7 1475.1 1554.7
P95  —425 —47.1 —36.6 746.5 1895.2 2071.3 2161.6 2265.7
P99 —-36.0 —38.4 117.3 1645.8 3468.1 3805.2 3976.5 4098.7

@ The table provides distributions of earnings numbers generated from model (2) over a 40 year

life cycle of a firm. The numbers are obtained from 30,000 simulations of both a good and

poor R&D firm. The good (poor) R&D type is determined by setting the R&D stage success
probability equal to 1.1 X g1,2.3/ (0.9 X ¢1,2,3/), where subscript 1, 2 or 3 indicates the R&D stage
and ¢/ is the fixed reference probability (resp. 0.54, 0.319 and 0.75).
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Table 2:

Simulation Results: R&D Investment Distribution over
a Firm’s Life Cycle @

ntiles RD5  RDI10 RD15 RD20 RD25 RD30 RD35 RD40

Good R&D Firms

P1 16 24 31 36 39 44 48 50

P5 23 37 44 51 55 60 64 66
P10 27 44 53 60 65 69 72 74
P15 32 49 59 66 72 75 " 79
P20 34 53 64 71 76 80 82 83
P25 36 57 67 75 81 84 85 87
P30 38 60 71 79 84 87 89 90
P35 41 62 75 83 87 90 92 93
P40 41 65 78 86 91 93 95 96
P45 43 68 81 89 93 96 98 98
P50 45 70 84 92 96 99 100 101
P55 48 73 86 95 99 102 103 104
P60 48 76 89 98 102 104 106 106
P65 50 78 92 101 105 108 109 109
P70 52 80 95 104 109 111 112 112
P75 54 83 99 108 112 114 115 115
P80 57 87 103 112 116 118 119 119
P85 59 90 107 116 120 122 123 123
P90 63 95 113 122 126 128 129 129
P95 68 103 122 131 134 136 137 137
P99 79 118 138 146 151 153 153 154

Poor R&D Firms

P1 16 18 22 23 22 21 22 23

P5 23 27 31 32 32 32 32 33
P10 27 32 36 38 38 38 38 39
P15 32 37 40 42 42 42 42 43
P20 32 40 44 45 46 46 46 47
P25 36 44 47 48 49 50 49 50
P30 36 48 50 51 52 53 52 53
P35 38 51 53 54 55 56 55 56
P40 41 54 56 57 58 59 58 59
P45 43 57 59 60 61 62 61 62
P50 45 60 62 63 64 64 64 64
P55 45 62 65 66 67 67 67 67
P60 48 66 68 69 70 70 70 70
P65 50 69 72 72 73 74 74 74
P70 52 71 76 76 7 7 " 7
P75 54 75 79 80 81 81 81 81
P80 57 78 84 85 86 86 86 85
P85 59 82 89 91 92 91 91 90
P90 63 87 95 98 99 99 98 97
P95 68 94 104 108 110 110 109 109
P99 79 108 121 127 129 132 130 130

@ The table provides distributions of annual R&D investments generated from
model (2) over a 40 year life cycle of a firm. The numbers are obtained from
30,000 simulations of both a good and poor R&D firm. The good (poor)
R&D type is determined by setting the R&D stage success probability equal
to 1.1 X g1,2.3/ (0.9 X g1,23/), where subscript 1, 2 or 3 indicates the R&D
stage and ¢ is the fixed reference probability (resp. 0.54, 0.319 and 0.75).
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Table 3:
Simulation Results: Market Value of Equity Distribution over a Firm’s Life Cycle ¢

ntiles MV5 MV10 MV15 MV20 MV25 MV 30 MV 35 MV40

Good R&D Firms

P1 411 673 943 1303 1723 2050 2358 2575

P5 465 886 1381 2027 2731 3203 3610 3832
P10 498 1019 1677 2511 3474 4006 4436 4689
P15 522 1115 1895 2915 4052 4655 5100 5361
P20 543 1194 2094 3275 4573 5241 5680 5982
P25 562 1262 2272 3624 5085 5827 6319 6615
P30 579 1327 2441 3969 5609 6413 6912 7262
P35 596 1390 2613 4312 6156 7001 7530 7890
P40 613 1449 2788 4682 6717 7635 8190 8565
P45 630 1510 2957 5084 7341 8310 8887 9246
P50 646 1569 3141 5529 8014 9028 9628 9951
P55 664 1630 3335 6029 8747 9799 10380 10737
P60 682 1693 3538 6663 9556 10612 11221 11554
P65 702 1757 3775 7391 10420 11510 12169 12535
P70 723 1829 4040 8218 11428 12504 13236 13624
P75 748 1908 4356 9174 12500 13675 14433 14845
P80 776 2004 4754 10335 13820 15082 15867 16270
P85 808 2114 5307 11781 15515 16808 17617 18082
P90 851 2253 6259 13808 17735 19256 20023 20591
P95 921 2464 8354 17277 21255 23134 23997 24542
P99 1059 2903 13142 24707 30154 31921 33137 33065

Poor R&D Firms

P1 402 523 619 711 815 845 889 925

P5 451 694 848 1034 1202 1246 1282 1333
P10 481 799 1028 1260 1499 1568 1595 1652
P15 503 876 1174 1453 1738 1827 1864 1910
P20 523 945 1306 1634 1961 2067 2103 2160
P25 540 1005 1432 1805 2196 2303 2353 2413
P30 556 1060 1551 1985 2425 2537 2600 2660
P35 572 1112 1670 2162 2661 2787 2867 2919
P40 589 1168 1790 2357 2912 3064 3137 3211
P45 604 1220 1917 2561 3199 3370 3454 3540
P50 620 1274 2046 2783 3515 3711 3813 3903
P55 636 1329 2178 3044 3896 4098 4257 4330
P60 653 1385 2326 3346 4341 4618 4794 4856
P65 672 1449 2484 3719 4902 5222 5428 5518
P70 692 1511 2663 4200 5607 5983 6264 6329
P75 714 1583 2874 4857 6450 6861 7196 7304
P80 739 1662 3131 5800 7558 7995 8327 8471
P85 770 1756 3492 7048 8894 9368 9796 9884
P90 812 1887 4075 8671 10781 11227 11740 11945
P95 874 2081 5447 11475 14015 14649 14999 15436
P99 1004 2482 9914 18121 21105 21930 22678 23254

@ The table provides distributions of market value of equity numbers generated from model (2)
over a 40 year life cycle of a firm. The numbers are obtained from 30,000 simulations of both a
good and poor R&D firm. The good (poor) R&D type is determined by setting the R&D stage
success probability equal to 1.1 X 1,23/ (0.9 X ¢1,2,3/), where subscript 1, 2 or 3 indicates the
R&D stage and g/ is the fixed reference probability (resp. 0.54, 0.319 and 0.75).
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Table 4:

Descriptive Statistics for the Biotechnology Sample®

Variable® Mean Sdev P5 Q1 Median Q3 P95
Pooled Sample (n=2,155)
MV 573.70 2,585.83 14.05 57.82 142.99 349.35  2,003.64
NI —5.38 66.40 —53.64 —19.71 —8.80 —0.96 35.21
Patents 10.49 28.97 0.00 0.00 3.00 9.00 39.00
RDGROW 0.39 1.38 —0.47 —0.03 0.20 0.50 1.57
Revenues 74.91 248.76 0.00 3.18 10.44 33.86 373.21
RD 27.13 58.96 0.85 4.88 12.86 26.69 92.28
Positive Earnings Sample (n=443)
MV 1,599.29 5,221.83 22.77 94.41 300.58  968.60  7,425.44
NI 43.78 120.40 0.33 2.06 7.62 27.95 182.33
Patents 11.54 38.10 0.00 0.00 1.00 6.00 57.00
RDGROW 0.32 0.96 —0.48 —0.01 0.16 0.43 1.31
Revenues 269.84 469.29 6.68 25.15 80.52  284.29 1080.19
RD 44.46 106.06 0.53 1.74 9.30 28.58 232.40
Negative Earnings Sample (n=1,652)

MV 280.05 647.37 11.54 52.76 121.10 268.76 920.75
NI —19.45 25.25 —61.15 —23.58 —12.31 —6.38 —1.29
Patents 10.18 25.77 0.00 1.00 3.00 10.00 36.00
RDGROW 0.41 1.47 —0.46 —0.04 0.21 0.53 1.60
Revenues 19.09 51.44 0.00 1.81 6.90 18.21 69.78
RD 22.16 33.84 1.09 6.16 13.70 26.38 67.42

@ The table provides summary statistics on the distribution of the key variables in the paper
for the observations used in the regression analyses. A distinction is made between positive
and negative earnings firms. The sample period covers 1980-2002 and all financial variables
are inflation adjusted and stated in 2002 dollars. The variables are: MV (market value of
equity, in million), NI (net income before extraordinary and special items), Patents (number
of patents approved in most recent 2 years), RDGROW (annual growth in R&D), Revenues
(annual revenues), RD (R&D expense).
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Table 5:
Descriptive Statistics for the Biotechnology Sample by Age Group®

Variableb Age obs Mean Sdev P5 Q1 Median Q3 P95

MV 1 301 217.02 269.43 21.40 69.51 132.81 251.15 691.35
2 294 209.69 297.14 15.46 56.99 116.54 228.75 797.87

3-4 489 261.09 699.46 10.25 48.74 110.50 264.84 881.88

5-10 803 526.57 1285.12 13.68 55.87 167.68 419.15 2312.33

>10 268 2045.23 6673.26 16.28 80.93 233.11 1275.16 8928.13

NI 1 301 —8.28 12.79 —27.22 —13.04 —7.18 —2.57 7.72
2 294 —10.91 16.19 —37.51 —17.98 —9.67 —2.96 9.02

3-4 489 —11.91 27.12 —48.36 —22.68 —10.74 —2.71 16.24

5-10 803 —10.85 46.91 —68.04 —23.05 —9.52 —0.42 26.25

>10 268 31.90 158.32 —74.73 —13.23 —2.29 18.56 209.81

DPOSNI 1 301 0.15 0.36 0.00 0.00 0.00 0.00 1.00
2 294 0.15 0.36 0.00 0.00 0.00 0.00 1.00

3-4 489 0.17 0.37 0.00 0.00 0.00 0.00 1.00

5-10 803 0.24 0.42 0.00 0.00 0.00 0.00 1.00

>10 268 0.44 0.50 0.00 0.00 0.00 1.00 1.00

Patents 1 301 5.22 8.40 0.00 0.00 2.00 6.00 23.00
2 294 5.87 10.41 0.00 0.00 3.00 6.00 24.00

3-4 489 8.31 16.83 0.00 0.00 3.00 9.00 32.00

5-10 803 12.06 36.50 0.00 0.00 3.00 11.00 40.00

>10 268 20.10 42.43 0.00 0.00 1.00 21.00 90.00

RDGROW 1 301 0.96 2.57 —0.16 0.21 0.49 0.96 2.83
2 294 0.73 1.95 —0.13 0.15 0.41 0.70 2.37

3-4 489 0.26 0.69 —0.51 —0.09 0.17 0.46 1.24

5-10 803 0.22 0.81 —0.56 —0.10 0.12 0.35 1.04

>10 268 0.21 0.85 —0.39 —0.06 0.10 0.30 1.01

Revenues 1 301 21.17 83.67 0.00 1.07 4.70 11.41 67.42
2 294 26.08 85.95 0.00 1.47 6.47 16.31 106.74

3-4 489 42.19 137.27 0.00 2.81 8.30 24.59 154.60

5-10 803 72.37 204.18 0.00 4.54 15.20 43.13 316.60

>10 268 250.15 528.27 0.42 10.84 39.82 204.75 1010.31

RD 1 301 11.16 10.95 0.74 3.77 8.49 15.57 32.28
2 294 15.67 15.31 0.88 5.05 12.26 21.78 47.43

3-4 489 18.55 20.23 0.81 5.39 13.22 24.48 54.46

5-10 803 26.18 39.59 0.85 5.02 14.28 31.39 83.11

>10 268 74.35 137.98 1.09 5.38 19.75 82.86 344.39

% The table provides summary statistics on the distribution of the key variables in the paper
for the biotechnology sample across 5 different firm age groups (years since IPO) for the obser-
vations used in the regression analyses. The sample period covers 1980-2002 and all financial
variables are inflation adjusted and stated in 2002 dollars. The variables are: MV (market
value of equity), NI (net income before extraordinary and special items), Employees (num-
ber of employees), DPOSNI (indicator variable for positive net income), Patents (number
of patents approved in most recent 2 years), RDGROW (annual growth in R&D), Revenues
(annual revenues), RD (R&D expense).
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Table 6:

OLS Estimation of Model 1 ¢

A%&l:a0+aﬂHTBNL+meé4+wmﬁ¥LﬁquPOSthAﬁ£1+q

Ase b LOSS PROFIT Diff R

& obs (a3) (a3 + ) ()

1 301 —-1.8 12.2 13.9 0.45
(=5.5) (3.6) (4.2)

2 294 —2.5 4.9 7.4 0.13
(—2.8) (4.4) (5.0)

3-4 489 —2.3 1.3 3.6 0.16
(~7.6) (1.0) (2.6)

5-10 803 —-1.3 4.1 5.3 0.10
(—3.0) (4.5) (5.2)

>10 268 0.1 5.5 5.4 0.07
(0.4) (2.7) (2.6)

total 2,155 —-1.6 4.1 5.7 0.13
(—6.9) (6.3) (8.1)

@ Regression model 1 is discussed in section 5.3. The regression model is separately estimated
for each age group (first column), and the t-statistics are based on White-corrected standard
errors. Age is measured as years after IPO. Outliers have been removed when the studentized
residual exceeds 2. The dependent variable is market value of equity value, MV, scaled by
lagged market value. DPOSNI is a dummy variable equal to 1 if a firm has positive earnings
before extraordinary and special items, and 0 otherwise; NI is earnings before extraordinary
and special items; LOSS represents negative earnings and is zero if earnings are positive;
PROFIT represents positive earnings and is zero if earnings are negative. The "Diff’ column
shows the difference between the valuation coefficient on losses versus profits, or coefficient
a4 in model 1, and a corresponding t-test. All variables in the regression are scaled by
lagged market value of equity.

49



Table 7:

Benchmark Model: Ohlson (1995)®
= = 60+ 01.DPOSNI; + G2 gp— + S3 i + daghis + 05 DPOSNI; X ghh— + ¢4

Ave b BV LOSS PROFIT Diff )
& obs (85) (d1) (61 + 65) (65) R
1 301 0.5 —0.5 12.4 12.9 0.48
(3.2) (—0.9) (3.8) (3.9)
2 294 1.5 —2.3 -3.2 —-0.9 0.29
(5 8) (—3 6) (—1 2) (—O 3)
3-4 489 0.9 —2.2 —-3.5 —-1.3 0.23
(5.0) (—7.3) (—1.6) (—0.6)
5-10 803 0.8 —1.2 1.7 2.9 0.17
(7.2) (—3.0) (1.9) (2.9)
>10 268 0.3 —0.1 4.3 4.4 0.08
(2.1) (—0.3) (1.9) (2.0)
total 2,155 0.6 —-1.3 2.0 2.3 0.19
(5.1) (—5.3) (2.5) (3.9)
Collins et al. (1999) 0.5 0.2 4.9 4.7
1975-1992 sample (11.8) (1.8) (10.7) (17.4)

@ The Ohlson benchmark model is similar to model 1, but with an extra term for book
value of equity added. The regression model is separately estimated for each age group
(first column), and the t-statistics are based on White-corrected standard errors. Age is
measured as years after I[PO. Outliers have been removed when the studentized residual
exceeds 2. The dependent variable is market value of equity value, MV, scaled by lagged
market value. DPOSNTI is a dummy variable equal to 1 if a firm has positive earnings before
extraordinary and special items, and 0 otherwise; NI is earnings before extraordinary and
special items; BV represents book value of equity. LOS'S represents negative earnings and
is zero if earnings are positive; PROFIT represents positive earnings and is zero if earnings
are negative. The ’Diff’ column shows the difference between the valuation coefficient on
losses versus profits, or coefficient d5 in model 1, and a corresponding t-test. All variables
in the regression are scaled by lagged market value of equity.
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Table &:

OLS Estimation of Model 2:
The Effect of R&D Quality - Growth in R&D Investments (RDGROW) @

o = B+ B1DPOSNI, + Byyp—
+03 54 % (1 = DPOSNI) + Baghi= x (1 — DPOSNI;) x RDGROW,;
+0s i X DPOSNI + s gii= x DPOSNI; x RDGROW; + &5

LOSS PROFIT
Low High Low High
RDGROW RDGROW Diff RDGROW RDGROW Diff
Age obs (B3) (B3 + Ba) (Ba) (Bs) (Bs + Bs) (Be) R2
1 301 —-0.9 —2.0 —1.1 12.3 18.6 6.3 0.52
(—1.6) (—6.0) (—1.9) (16.8) (8.1) (2.7)
2 294 —1.4 —4.6 —3.2 4.8 7.8 3.0 0.21
(—2.8) (—4.4) (—3.5) (4.4) (1.4) (0.6)
3-4 489 —2.0 —2.4 —0.4 —0.1 4.6 4.7 0.15
(—6.1) (—5.0) (~1.0) (—0.1) (2.1) (2.1)
5-10 803 —1.4 —2.2 —0.8 4.7 3.7 —1.0 0.12
(—3.2) (—3.1) (—1.3) (3.7) (3.6) (—0.8)
>10 268 0.4 —3.4 —3.8 4.9 6.1 1.2 0.15
(1.0) (—4.6) (—5.0) (2.6) (2.3) (0.6)
total 2,155 —1.4 —2.1 —0.8 4.0 4.4 0.4 0.14
(—5.1) (—8.8) (—2.9) (5.4) (4.6) (0.7)

@ Regression model 2 is discussed in section 5.3. The regression model is separately estimated for each
age group (first column), and the t-statistics are based on White-corrected standard errors. Outliers
have been removed when the studentized residual exceeds 2. The dependent variable is market value of
equity value, MV, scaled by lagged market value. DPOSNI is a dummy variable equal to 1 if a firm
has positive earnings before extraordinary and special items, and 0 otherwise; LogEmpl is one plus
the natural logarithm of the number of employees (in thousands); N1 is earnings before extraordinary
and special items; RDGROW is a dummy variable equal to 1 if a firm has higher than median growth
in its R&D investments over one year within a group of same age firms, and zero otherwise; LOSS
represents negative earnings and is zero if earnings are positive; PROFIT represents positive earnings
and is zero if earnings are negative. The 'Diff’ columns show the difference between the valuation
coefficient on low versus high R&D growth, i.e., coefficient (4 for loss firms and (¢ for profit firms.
All variables in the regression are scaled by lagged market value of equity.
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Table 9:
OLS Estimation of Model 3:
The Effect of R&D Quality - Recently Approved Patents (PAT') ¢

3y, X (1= DPOSNIL) + yagpy,~ x (1 = DPOSNI;) x PAT,
+95 7k X DPOSNI, + y6 ik x DPOSNI, x PAT; + e3

LOSS PROFIT
Low High Low High
PAT PAT Diff PAT PAT Diff
Age obs (73) (y3 +74) (74) (v5) (v5 +76) (v6) R2
1 301 1.7 —2.0 —-0.3 4.9 12.0 7.1 0.48
(—2.5) (=7.0) (—0.4) (1.3) (19.3) (2.2)
2 204 —1.7 -2.8 —1.1 4.9 7.7 2.8 0.13
(—2.0) (—2.9) (—1.3) (4.9) (2.1) (0.8)
3-4 489 —1.2 —27 -15 1.5 2.8 1.3 0.16
(—2.5) (=7.5) (—3.2) (1.2) (1.2) (0.5)
5-10 803 —1.2 -2.8 -1.6 5.2 5.0 —0.2 0.15
(—2.4) (=5.1) (—2.6) (5.6) (2.6) (—0.1)
>10 268 0.2 3.7 -39 6.9 4.8 —2.1 0.17
(0.7) (—4.4) (—4.7) (3.4) (2.9) (—1.1)
total 2,155 1.1 —2.1 -1.0 5.2 4.1 ~1.1 0.14
(—3.4) (—9.4) (—2.9) (6.4) (3.9) (—1.0)

¢ Regression model 3 is discussed in section 5.3. The regression model is separately estimated for each
age group (first column), and the t-statistics are based on White-corrected standard errors. Outliers
have been removed when the studentized residual exceeds 2. The dependent variable is market value
of equity value, MV, scaled by lagged market value. DPOSNI is a dummy variable equal to 1
if a firm has positive earnings before extraordinary and special items, and 0 otherwise; LogEmpl
is one plus the natural logarithm of the number of employees (in thousands); NI is earnings before
extraordinary and special items; PAT is a dummy variable equal to 1 if a firm has higher than median
number of approved patents in the last 2 years within a group of same age firms, and zero otherwise;
LOSS represents negative earnings and is zero if earnings are positive; PROFIT represents positive
earnings and is zero if earnings are negative. The ’Diff’ columns show the difference between the
valuation coefficient on low versus high patents, i.e., coefficient v, for loss firms and ~g for profit
firms. All variables in the regression are scaled by lagged market value of equity.

52






