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Abstract

This study structurally estimates a dynamic model of drug development process in

pharmaceutical industry, and uses counterfactual experiments to evaluate e¤ects of var-

ious policy interventions aimed at increasing the introduction rate of new drugs within a

speci�c therapeutic area. Advanced computational methods �such as continuous time

and polynomial approximations �overcome the modeling di¢ culties that limited previ-

ous studies to one or two stages of development process, and allow the model to describe

the progress of drugs through all three phases of clinical trials and FDA approval. The

primary result is that most policies a¤ecting earlier stages of drug development are less

e¤ective than those aimed at later stages. The reason for this �nding is a strategic

response to policy-induced changes in the number of drugs under development and on

the market.
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1 Introduction

In 2005, The Bill and Melinda Gates Foundation have announced over $160 million in grants

related to drugs and vaccines, covering every stage of their lifecycle, starting from initial

discovery, following through clinical trials, and ending with sale subsidies. At the same

time, the National Institutes of Health (NIH) have spent $2.9B on sponsoring clinical trials

alone, which is more than 10% of spending by the �rms in the industry. These numbers

illustrate the e¤ort that governments, NGOs and private charities exert to speed up the

development of new treatments for various conditions, ranging from tropical diseases and

AIDS to cancer.1 In the vast majority of cases, these e¤orts aim to increase introduction of

new drugs by pro�t-maximizing �rms (as opposed to dedicated non-pro�t establishments).

This gives rise to the main question of this study �what is the best way to achieve

the policy goal of increased output of new drugs? Is it best to �nance the discovery of

new substances with therapeutic potential? Or should a donor help o¤set the tremendous

cost of the three stages of clinical trials that are required to determine whether the drug is

su¢ ciently safe and e¤ective? Or is it most e¢ cient to expand markets for these drugs by

subsidizing the sales? Yet another approach is to streamline and accelerate lengthy clinical

trials and FDA review process.

In order to answer these questions, it is necessary to model the drug development process

and the decisions made at each of several stages within it. Considering pre-clinical and

clinical trials as well as FDA review, DiMasi, Hansen, and Grabowski (2003) estimate the

average time to bring a single drug to the market at 12 years; in addition, only 1 out of 5

drugs survives the development process, bringing the total accumulated cost to $800 million.

Faced by such long and uncertain return to investment, the decision to continue with each

consecutive stage of development involves not only the medical viability of the drug, but

also requires a conjecture about situation in the market several years into the future. The

basis for this conjecture is formed by the current number of competing drugs at various

stages of development, as well as beliefs about the evolution of these over time. The latter,

in turn, depend on the decision rules used by the �rms.

To accurately describe the features of this decision-making process, this study formu-

lates a fully dynamic model using the framework established by Ericson and Pakes (1995).

Unlike most recent empirical papers using this framework2, the model is formulated in con-

tinuous rather than discrete time, as suggested by Doraszelski and Judd (2008). Broadly

speaking, while the discrete time model assumes periodic and simultaneous decisions by all

1This study will not deal with justi�cation of such interventions, but accepts them as given. Common view
is that targeted condition lack attention of Pharmaceutical companies due to lower pro�tability. Interested
reader is pointed to Cockburn and Henderson (1996) for discussion of feasibility of public R&D funding.

2See, for example Bajari, Benkard, and Levin (2007), Ryan (2006), Schmidt-Dengler (2005), Collard-
Wexler (2006).
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of the agents, continuous time assumes sequential decisions with random order of moves.

This matches the actual decision-making process, and o¤ers important methodological ad-

vantages (the model would be intractable if formulated in discrete time). Additional feature

of the model is use of polynomial approximation to value and policy function (instead of

more common discretization), which keeps the number of estimated parameters low, and

again improves tractability.

The model is estimated structurally by means of Nested Pseudo-likelihood (NPL) method

suggested by Aguirregabiria and Mira (2002) and Aguirregabiria and Mira (2007), which

uses equilibrium conditions of the model to estimate costs of each stage of development

process; a number of other parameters, such as the approval rate of FDA applications

and average duration of each development stage, are estimated directly from data before

structural estimation.

Once the model parameters and associated equilibrium are computed, it becomes pos-

sible to evaluate the impact of various policies through counterfactual experiments. Exper-

iments consist of matching each policy intervention to a change in the appropriate model

parameter, and computing the new equilibrium for this changed parameterization. These

policy-a¤ected equilibria, as well as the baseline estimate, are compared in terms of average

�ow of the new drugs through the development pipeline, with special emphasis on the new

drugs entering the market.

The key �nding is that interventions at later stages of a development process result in

more new drugs entering the market than those at earlier ones. The reason for this is rooted

in uneven distribution of positive and negative e¤ects of a policy across the development

stages. An increase in the number of drugs on the market and under development resulting

from policy intervention necessarily reduces the value of each drug; to o¤set that, each

policy o¤ers a bene�t of one sort or another. But the dynamic nature of the model means

that negative e¤ects a¤ect all stages, while the policy bene�t occurs only at a single stage.

Naturally, the increased �ow of drugs through the pipeline is the strongest at the stage

a¤ected by the policy. Moreover, earlier stages also see an increase in activity as �rms

expect to collect the policy bene�t in the future. But in the stages following the policy

intervention, only the negative e¤ect remains, discouraging the �rms from continuing the

development and causing the e¤ect of the policy to weaken with each subsequent stage.

Since policy interventions are set up to be comparable either in terms of average cost or

direct impact on a¤ected stage, earlier interventions seem to have lower impact on the

number of drugs entering market �the �nal stage of a drug�s life.

In order to make necessary assumptions, this study relies on a substantial body of exist-

ing work studying individual stages of drug development process. The Henderson-Cockburn

research programme �Henderson and Cockburn (1994), Cockburn and Henderson (1994),
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Henderson and Cockburn (1996) �develops a framework for describing initial ("discovery")

research and �nds such features as spillovers, economies of scale, and scope.

The literature on clinical trials includes such works as Danzon, Nicholson, and Pereira

(2003), Guedj and Scharfstein (2004), Dranove and Meltzer (1994) and Cockburn and Hen-

derson (2001). These papers document a number of non-medical factors that a¤ect the

decision to continue the development into the next phase �size and type of �rm, experi-

ence, and the perceived earning potential of the drug.

The market for drugs has been extensively studied by Berndt, Bui, Reily, and Urban

(1994, (1995)) and Azoulay (2002) who document extensive advertising expense that plays

at least as large a role as quality of the drug, and show that �rst-mover advantage is

present but temporary; these results suggest that di¤erentiation in drug markets is hori-

zontal rather than vertical. Roberts (1999) �nds correlation between market pro�tability

and rate of new drug introduction, con�rming presence of an economic factor in R&D deci-

sions. Grabowski and Vernon (1994) combine revenue data with development cost estimates

of DiMasi, Hansen, and Grabowski (2003) to show that average return on investment in

pharmaceutical industry is on par with the economy average, which helped put to rest

accusations of unjusti�ably high drug prices.

This paper contributes to the literature on pharmaceutical industry by aggregating

the existing research on individual stages into a dynamic model of the entire development

process. While such a model is analytically intractable, recent developments in computa-

tional economics have made it possible to estimate the model parameters and solve for the

equilibrium numerically.

The rest of the paper proceeds as follows: Section 2 starts by describing the pharma-

ceutical industry, Section 3 sets up the model of the drug development process, Section 4

discusses available data and estimation approach, and Section 5 presents the results.

2 R&D in Pharmaceutical industry

Pharmaceutical industry is characterized by a high intensity of R&D e¤ort, meaning that

new products (drugs and other treatment methods) constantly enter the market, driving

the older ones out. In many modern industries, the focus of innovation is on research, which

results in evolutionary (or revolutionary) changes to product; development is a relatively

straightforward process of setting up the production. Pharmaceutical R&D is di¤erent in

the sense that development (in the form of several phases of trials) plays a much bigger

role, taking considerable time and costing more than research. Moreover, US�s Food and

Drug Administration (FDA), or similar regulatory body in other countries) requires �rms

to go through the complete set of trials for each new drug, so it makes sense to describe the
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R&D process as the sequence of stages in the "lifecycle" of a drug.

The research stage is referred to as Initial discovery ; it results in the new chemical

entities (NCE�s), i.e. compounds believed to have therapeutic potential. These are typically

patented and/or described in academic publications. The costs are relatively minor, as

the research is limited to the laboratory experiments and wide adoption of the scienti�c

discovery method has largely eliminated need for extensive trial-and-error search3.

The next development stage for NCE consists of the Pre-clinical trials, which are con-

ducted on animals and test the safety of the drug. They take around 2-3 years.

If pre-clinical trials are successful and the �rm wants to proceed with the drug, it �les

Investigational new drug (IND) application to FDA. The application summarizes the results

of pre-clinical trials and requests permission to start human (clinical) trials. The wait for

this decision is relatively short as FDA has only 30 days to review the application and voice

any objections.

Once the drug receives IND status, the �rm can start the Clinical trials that are the

central part of the development process, taking on average 9.7 years and consuming the bulk

of the cost. They are conducted on human subjects. The FDA standards for these trials

demand a control group that receives a placebo or an already approved treatment, random

allocation of subjects to treatment and control groups, and a "double blind" requirement

that this allocation is not known to either the subjects or the physicians evaluating their

condition. The trials are grouped into three phases of increasing breadth and length:

� Phase I establishes basic safety of the drug and typically involves a small group
of healthy subjects, since they are likely to su¤er less harm than patients already

weakened by the condition if drug turns out to be unsafe.

� Phase II evaluates the e¢ ciency of the drug in treating patients who have the target
condition, which typically requires a larger group of subjects than Phase I.

� Phase III checks for any long-term side e¤ects, which necessarily takes a considerable

time and requires a broad range of subjects covering all possible demographics.

Within each phase, pharmaceutical �rms conduct several trials with varying dosages of

the drug, delivery methods, etc. Trials continue until the �rm collects enough information

to reach a conclusion on whether the drug satis�es the objective of the respective phase,

and whether the drug shows enough promise to continue development into the next phase.

Once the trials are complete, and if the �rm is happy with their results, the New drug

application (NDA) is submitted to FDA, who reviews the results of clinical trials and decides

whether the drug is allowed to enter the market. The review process typically takes almost

3See, for example Cockburn, Henderson, and Stern (2001).
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3 years. Like with the trials, the decision to �le the NDA application is not costless � in

addition to application fee, �rms have to compile and format the application materials,

follow up with FDA and answer any questions that arise during the review process.

If FDA approves the drug, it is launched on the Market though a heavy advertising

campaign. Over-the-counter drugs are advertised directly to consumer; prescription drugs

are "detailed" to physicians by sales representatives. Advertising expenses remain a size-

able fraction of sales even after the launch. Drugs are rarely withdrawn from the market

(only in case of unexpected side-e¤ects), but they are displaced over time by newer drugs

or generics. First-mover advantage is considerable but not always permanent, as Azoulay

(2002) demonstrates. Individual susceptibility of patients to drugs means that di¤erentia-

tion between drugs is horizontal rather than vertical.

The most common de�nition of market within the industry uses Anatomical-Therapeutic-

Chemical classi�cation, i.e. a market consists of drugs that treat similar conditions using

a speci�c chemical mechanism. The de�nition of markets along geographical boundaries

is less common since the costs of entering additional countries are small compared to the

expense of initial clinical trials; low transportation costs lead to active international trade.

Division along consumer income and other demographic characteristics is even less common

since various private and public health insurance schemes make same drugs available to

widely varying groups of people.

Patent expiration & generics are a major factor contributing to gradual decline of prof-

itability and eventual elimination of the drug from the market. While the patent application

is �led early in the development process, as of 1994 the expiration countdown is reset when

NDA is �led, with 20 years of protection granted to all drugs. After patent expires, a

generic (unbranded) version of the drug promptly enters the market4. Typically, brand

loyalty and risk aversion of physicians keep the sales of original drug way above the generic;

recent development of HMO�s and implementation of drug-substitution mechanisms at the

pharmacy level are partially o¤setting this advantage.

An important feature of the R&D process is the gradual elimination of the drugs as

they go through the development stages. Anecdotal evidence suggests that out of 5000

NCE�s, 20 enter the pre-clinical trials, 5 receive IND status and only one is approved by

FDA. Besides the two stages of FDA approval, a major source of such selection are the

pharmaceutical companies themselves, that can (and do) discontinue drugs at every stage

of the development process. Based on interviews during the data collection process, the

reasons for such decisions are not limited to poor results of clinical trial, but can include

"strategic considerations" or lack of funds5. This suggest building an economic model to

4While a generic also requires an FDA registration, Waxman-Hatch act of 1984 make it su¢ cient to
demonstrate bioequivalence with the original drug, essentially reducing the entry barrier to zero.

5Financing constraits can be ingnored here, since it is common practice for small �rm to sell drugs it
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describe these decisions.

3 Model

This section models the decisions of a pharmaceutical �rm regarding the progress of drugs

through development pipeline as the optimal strategy in a fully dynamic game. Subsection

3.1 sets up basic notation and introduces model parameters, and subsection 3.2 de�nes the

equilibrium.

3.1 Assumptions and notation

As previous section described, progress of drug through the development pipeline is a se-

quence of decisions to continue to the next stage or abandon the drug (here and below,

word "stage" is used as a more general term than "phase of clinical trial", since stage can

also include pre-clinical trial, FDA review and market.). This model will describe these

decisions regarding an individual drug. Lacking data on clinical trial outcomes, the drugs

are assumed to be identical (given same stage of development). This assumption is a "con-

servative" one, since it eliminates particularly good ("star") drugs from the model; it does

not really a¤ect underperforming drugs, since those are likely to be abandoned at previous

stages of the development process.

The model assumes anonymous ownership of the drugs, essentially assuming that each

drug is owned by a separate �rm that has no other drugs, and is identical to any other �rm

on the market. This abstracts away from a possibility of a "large" �rms that owns several

drugs in each of development phases. While it is a realistic situation, and a¤ects decision

making in a meaningful way, but properly accounting for it would considerably complicate

the model, and is not likely to generate any new insights since the decisions by both single-

and multi-drug �rms respond in similar way to outside factors.

Anonymous ownership also assumes away �rms active on more than one market, but

there is no evidence in industry literature to suggest use of multi-market strategies by

Pharmaceutical �rms, which is expected given sometimes widely di¤erent conditions and

treatments that de�ne each market.

The fundamental assumption of Ericson and Pakes (1995) modeling framework is that

all the relevant information about an industry can be compressed into the few numbers of a

state vector. "Relevant information" here refers to a maximum information set that a �rm

within the industry can use to predict the actions of its competitors and future development

cannot develop to a larger company.
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of the industry that it implies6. The solution concept is Markov-perfect equilibrium (MPE)

that requires the �rm�s decisions to be optimal given current industry state, privately ob-

served information and (rational) beliefs about the decision rules of competitors.

A consequence of such state-dependent strategies is that there is no history dependence,

i.e. it does not matter how did the industry arrive at the present state. This prevents

collusion (tacit or explicit) from being enforced by various punishment strategies. While

allegations of price-�xing have been common during the 1990s, studies like Grabowski and

Vernon (1994) demonstrated that proper computation of R&D expenses brings pro�tability

of Pharmaceutical companies on par with other high-tech industries and its own cost of

capital.

In the model of this study, the state of a drug is given by its current development stage,

indexed by s 2 f1 : 5g:
� s = 1 : 3 correspond to Phases I-III of clinical trials,
� s = 4 �drug submitted for FDA review, and
� s = 5 �drug on the market.

State of the industry is characterized by a vector x 2 Z5+; its component is denoted as
xs represents the number of drugs at stage s. A combined state of a single drug and the

industry around it is (s; x); note that xs � 1 since the singled-out drug is included into x.
Given a drug entering stage s, the duration of the stage is assumed to be random and

distributed as Exponential with average duration 1=�s years. This means that regardless of

how long the drug has been in the stage, the hazard rate7 of stage ending in the subsequent

year remains �s. This is generally consistent both with observed data, and the industry

practice of doing a series of trials8 within each phase until the �rm has enough information

to make the decision.

The decision in question is whether to abandon the drug or move on to next phase of

clinical trials. The information set for this decision includes the results of the trial (privately

observed), number of competing drugs at every stage of other �rms (x) and lump-sum cost

of next phase Rs.

The results of the clinical trial is consist of " = ("0; "1) �a pair of independent type

I Extreme Value random variables with standard error parameter �s. If the the drug is

abandoned, the �rm owning it receives "0 ("0 < 0 means that the �rm pays the amount);

if it advances to next stage � �rm receives "1. Realizations of these " are assumed to

incorporate several unobserved factors, including (a) the di¤erence between Rs and actual

6This development need not be deterministic, as the model incorporates purely random events (moves
by "nature") and decisions based on privately observed random draws.

7Hazard rate refers to average number of events happening per a period of certain length. Here, the
period is chosen to be year. Hazard rate can be interpreted as probability as long as it is no larger than one.

8The conditions of the trial � such as dosage, frequency, delivery methods, target demographics � are
adjusted from one trial to the next in search of optimal performace.
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cost of continuing to next stage, (b) chance of FDA approval, (c) future earning potential

of the drug, (d) "salvage value" of a drug, either for treatment of other conditions9 or as

a source of spillovers. Vector " is private information because most of (a)-(d) cannot be

observed from outside the company; the academic publications that follow the completion

of a trials phase reveal only partial information, and are delayed in time.

Without observing the private results of the trial (as is the case with a �rm considering

possible actions of its competitors), the decision can be characterized by a probability of

continuing to next phase. This probability will be endogenously determined in the model

and is denoted as p (s; x) �probability that drug will advance to phase s from (s� 1).
A drug submitted for FDA review (s = 4) has a constant and exogenous probability of

advancing given by p5. Keeping probability of FDA as constant re�ects the assumption that

unlike �rm�s decision, FDA�s approval process is not a¤ected by situation on the market,

and is driven entirely by therapeutic considerations. There is anecdotal evidence that large

established �rms have easier time getting their drugs through FDA (both in terms of time

it takes to reach a decision, and decision itself), and it is reasonable to assume that FDA

would take a di¤erent approach for drugs in what it views as "priority" areas. Accounting

for identity of drug owner is not possible under anonymity assumption; e¤ect of changing

FDA priorities requires additional data.

A drug on the market (s = 5) involves no decisions, but earns a steady stream of annual

pro�ts R5 (x). Lacking meaningful information on quality of the drug, the functional form

of R5 (x) assumes the equal split of market by all drugs present on it.

R5 (x) =
�M

x5
;

where M is market size (in terms of total revenue), and � < 1 is the pro�t margin10. The

assumption of equal market share does not negate �rst-mover advantage that is clearly a fea-

ture of drug markets, since �rst drug to reach the market starts earning pro�ts earlier than

others, these pro�ts are larger, and increased number of drugs on the market discourages

further entry.

Just like with previous stages, hazard rate �5 > 0 gives the likelihood of the stage ending.

In the case of a drug on the market, however, the end of stage means permanent exit of a

drug from the industry. This assumption re�ects gradual erosion of drug�s pro�tability by

more advanced substitutes and generics.

Having discussed progress of drugs through the pipeline and their exit, it remains to

9Pharmaceutical industry has numerous cases of drugs turning out to be e¤ective in unintended roles,
most famous of which is Viagra, which was originally developed as treatment for angina.
10� is de�ned as share of revenues left after deducting production, marketing, operating and research

costs. Development costs are excluded since model incorporates them explicitly (as Rs)
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describe the process that puts new drugs into the pipeline. The assumption here is that

every year an average of �0 drugs enter the Phase I trials (s = 1). This assumption

eliminates the transition from pre-clinical to clinical trials from the model; it is unavoidable

since the transition involves two separate decisions �IND application by the �rm, and FDA

response to it. As described in Section 4 below, available data make it impossible to separate

these two decisions. This assumption also re�ects the fact that a lot of discovery research

is conducted in academic rather than commercial labs, so unlike development decisions,

the intensity of research is not necessarily a¤ected by situation in the market. Instead,

one of policy experiments simulates increasing output of discovery research as the result of

increased funding of a particular �eld, increased public attention or scienti�c relevance, etc.

3.2 Equilibrium

The decision to continue with development will maximize the present expected value of a

drug, conditional on private information, development stage of the drug and industry state.

The result of this optimization is called value function and denoted as V (s; x).

Computing present expected value of a drug requires an assumption about the progress of

time in the model. Common assumption in Ericson and Pakes (1995) framework was discrete

time, with a period of set length (e.g. year), which included the simultaneous decisions by

all �rms and subsequent simultaneous transit of all players to new states according to these

decisions and exogenous random processes.

In this case, discrete time is inappropriate for two major reasons. First, while there are

industries where decision are made annually and simultaneously, decisions regarding drug

development are made at random points in time throughout the year. Second, simultaneous

transitions lead to insurmountable burden of computing the expectation over them.

Consider industry in state x; for any stage s, there are xs drugs in that stage, and

each of them can complete the trial in current period. Further, each of drugs completing

the trial may (or may not) advance to the next phase. Overall, the number of possible

combinations is
h
x5
Q4
s=1

(xs+1)(xs+2)
2

i
. Even for 5 drugs in each phase (entirely realistic

situation, according to Table 1 below), that means almost a million combinations.

There is no opportunity to simplify the computation using independence; the changes in

individual components xs�s are pair-wise dependent since a drug advancing to the next stage

necessarily leaves the previous one. It turns out that with current computing technology,

going through all of these realization takes prohibitively long time.

Instead, this study assumes the continuous timescale, meaning that individual trials end

at random moments in the time continuum, and are instantly followed by a decision and

transition to the next stage (or discontinuation). As a result, probability of two or more

transitions occurring simultaneously is zero, so such events need not be considered. This
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leaves only the transitions of individual drugs, which permit only two possible outcomes

and make the computation of expectation trivial.

Writing out expression for expected present value V (s; x) requires some additional no-

tation. Let as 2 f0; 1g denote decision to continue development to stage s, Ts �realized
duration of this stage. Discounting of future pro�ts and costs is parameterized by �rm�s

cost of capital �; given continuous time, discount factor applied to cash �ow occurring at

time t is e��t. Then the present value of a drug in stage s = 1 and facing industry state x0
at t = 0 is given by:

V (1; x0) = max
as
E"s;Ts;xtjx0

8>>>>>><>>>>>>:

e��T1f(1� a2) "0;1 � a2 (R2 � "1;1) + a2�
�e��T2f(1� a3) "0;2 � a3 (R3 � "1;3) + a3�
�e��T3f(1� a4) "0;3 � a4 (R4 � "1;3) + a4�
�e��T4p5�
�
R T5
0 e��qR (xq+T1+T2+T3+T4) dqggg

9>>>>>>=>>>>>>;
; (1)

and expression for value of a drug in an arbitrary stage s can be obtained from (1) by

dropping �rst s� 1 lines.
Even with simpli�cation of transition process, (1) is not tractable. Instead, this study

uses Bellman optimality principle to represent the problem as a series of equations, each

dealing with only one decision. Detailed derivation of these Bellman equations is postponed

until Appendix A, with the �nal result presented here.

For the drug in clinical trials (�s 2 f1; 2; 3g), the Bellman equation is:

�V (�s; x) = ��s

0@� log
241 + exp

8<:V
�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35� V (�s; x)

1A
+
P5
s=1 (xs � 1�s=s)�s

2664
p (s+ 1; x)V

�
�s; x

+(s+1)
�s

�
+(1� p (s+ 1; x))V (�s; x�s)

�V (�s; x)

3775
+�0

�
V
�
�s; x+1

�
� V (�s; x)

�
;

(2)

where and x+(s+1)�s means x with xs decreased by one, and xs+1 increased by one. The

�rst term in this equation represents the possibility that the drug in question completes

the clinical trial. This would entail the the decision to abandon it or continue development

to the next stage (�s + 1) and pay the associated cost R�s+1. The optimal continuation
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probability is given by the policy function:

p (�s+ 1; x) = E"ia (3)

=

241 + exp
8<:�V

�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35�1

Second term re�ects the possibility that any of the rival drugs completes a stage, and

continues to the next one, with equilibrium continuation probability p (s+ 1; x). Third

term re�ects the possibility that a new drug enters the industry.

For the drug under FDA review (�s = 4), the Bellman equation is:

�V (�s; x) = ��s

h
p�5V

�
�s+ 1; x

+(�s+1)
��s

�
� V (�s; x)

i
+
P5
s=1 (xs � 1s=�s)�s

2664
p (s+ 1; x)V

�
�s; x

+(s+1)
�s

�
+(1� p (s+ 1; x))V (�s; x�s)

�V (�s; x)

3775
+�0

�
V
�
�s; x+1

�
� V (�s; x)

�
;

(4)

where p�5 is the probability of a positive decision by the FDA, which is an exogenous random

event from the point of view of the �rm that owns the drug; hence no decision is involved.

Second and third terms are similar to those in (2).

Finally, the drug on the market (�s = 5) is described by:

�V (�s; x) = R5 (x)� ��sV (�s; x)

+
P5
s=1 (xs � 1s=�s)�s

2664
p (s+ 1; x)V

�
�s; x

+(s+1)
�s

�
+(1� p (s+ 1; x))V (�s; x�s)

�V (�s; x)

3775
+�0

�
V
�
�s; x+1

�
� V (�s; x)

�
(5)

First term re�ects the �ow of pro�ts R5 (x), as well as the possibility that the drug can

vanish from the market; second and third terms are similar to those in (2).

Taken together, equations (2), (3), (4), and (5) form the equilibrium conditions on value

function V (s; x) and policy function p (s; x).
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4 Data and Estimation approach

The dataset11 used in this study consists of year-drug observations of development stage

�s along with various additional information, most important of which is classi�cation of

the drug under Anatomical-Therapeutic-Chemical system that allows to group drugs into

economically meaningful markets. The dataset covers 11 years (1995-2005) and is limited

to markets with active research within the broader category of Infection drugs.

The dataset does not allow to properly model the transition from pre-clinical to clinical

trials. This transition involves two separate decisions ��rm choosing to �le the IND ap-

plication, and FDA reviewing it. Review takes at most 30 days, so dataset does not even

de�ne a stage for a drug under IND review. As the result, one cannot identify drivers of

�rm�s decision to proceed separately from FDA approval probability.

While it would be useful to have results of clinical trials, those exist only in the form of

abstracts, which describe the experiments conducted, various e¢ ciency measures and side-

e¤ect rates. There seems to be no uni�ed approach to measuring them and no formalized

data are available, so trial results are viewed as unobserved.

Observing the stage of individual drugs across the years provides an estimate �s�s �

parameters driving the duration of each stage. Similar approach gives estimate of �0 (the

arrival rate of drugs into Phase I), since dataset starts tracking drugs from pre-clinical stage.

Further, observed changes in stage indicate the decision to continue the development

of the drug (indicated by advancement to next stage) or abandon it (indicated by transit

to "Discontinued" stage). For drugs transiting out of FDA stage, this directly provides

an estimate of p5 � the probability of FDA approval, which is treated as exogenous in

the model. The observed transitions out of clinical trial stages become observations on

continuation decision of the �rm (denoted a) and serve as the basis for structural estimation

of the stage costs R = fRsg4s=2. Structural estimation also requires knowledge of industry
state x, which is constructed by aggregating stage data for all drugs in a given market &

year.

s �xs s.e. minxs maxxs
1 10:86 6:18 1 22
2 14:86 7:77 3 28
3 7:86 3:67 3 15
4 3:77 3:15 0 13
5 27:87 16:01 11 58

Table 1: Summary statistics of industry state vector x.

11Data are provided by PharmaProjects, a service of Informa UK Ltd.
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The identi�cation of R is possible since the dataset records decisions taken by �rms that

face a wide range of industry states x. This variability results from observing both di¤erent

markets and di¤erent moments in time. As a con�rmation, Table 1 provides summary

statistics for observed industry state x. A more detailed logit analysis is presented in

Section 5.1 below.

The estimation approach is Nested Pseudo-likelihood method of Aguirregabiria and Mira

(2007), which essentially combines the value iteration of Pakes and McGuire (1994) with
MLE estimation. Besides the stage costs estimate, the algorithm simultaneously generates

the model equilibrium, as de�ned by fV (�) ; p (�)g pair.
The estimation proceeds iteratively, with each iteration k starting from (a) an equilib-

rium "candidate"
�
V k (�) ; pk (�)

	
and (b) parameter estimate R̂k. The iteration updates

them to (k + 1)-th iterate in two steps:

1. Pakes and McGuire (1994) update of the equilibrium candidate, which uses the equilib-

rium conditions (3), (2), (4), and (5). For each state (�s; x),
�
V k+1 (�s; x) ; pk+1 (�s; x)

	
are computed by plugging R̂k and V k (�) ; pk (�) into the equilibrium conditions and

solving for fV (�s; x) ; p (�s; x)g.

2. MLE estimation of parameter vector R̂k+1. The likelihood of a single observation j is

constructed by computing the predicted continuation probability pk+1
�
sj + 1; xj

�
and

matching it to the observed action aj . After transformations, log-likelihood function

reduces to:

L (R) =
NX
j=1

�
aj�j � log (1 + exp (�j))

�
(6)

where �j =
V k+1

�
sj + 1; xj

�
�Rsj+1

�sj
(7)

The new parameter vector R̂k+1 is then selected to maximize this log-likelihood.

The iterations continue until the changes in
�
V k (�) ; pk (�)

	
and R̂k become smaller than

pre-determined tolerance level.

There is no theoretical result that guarantees either existence or uniqueness of equilib-

rium in this kind of model. Doraszelski and Satterthwaite (2009) prove existence of Markov

perfect equilibrium in certain kinds of dynamic games, but their results are not applicable

here. As described in the results section, multiple equilibria are possible in this game.

Even if the equilibrium exists, the algorithm presented above is not guaranteed to con-

verge. There is a number of technical improvements (such as dampening) that help improve

convergence, and indeed all cases considered in Section 5 did converge.
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The potential multiplicity of equilibria is a much more serious issue; every estimation

method for dynamic games assumes that if multiple equilibria exist, then same equilibrium

is played out in every market. In pharmaceutical industry, however, this assumption might

be at least partially justi�ed since there are several large companies that are active in most

markets. As such companies are likely to use the same strategies across all markets, the

best response rule implies that the single-market �rms would play the same equilibrium.

A few additional notes are necessary to complete the description of model implementa-

tion and estimation.

Value function V (�) is represented as polynomial approximation, since discretization
(computing and storing V for every possible value of (�s; x) vector) is unfeasible given the

large size of the state space. The polynomial approximation used in this exercise is a version

of 2nd-order complete polynomial representation:

V (s; x) = vs0 +
5X
r=1

�
vsrxr + v

s
r;rx

2
r

�
+

4X
r=1

vsr;r+1xrxr+1: (8)

Thus, the function V (�) is reduced to a set of coe¢ cients V =
�
vsr ; v

s
r;q

	s2f1::6g
r2f1::5g;q2fr;r+1g. The

Pakes and McGuire (1994) update of equilibrium in this case consists of computing V k+1

for a pre-determined set of states, then using the OLS formula to recover the coe¢ cients.

There is no need for approximating (or even tracking) p (�) since (3) provides an immediate
way of computing it from V (�).

As follows from (6), it is not possible to identify Rs separately from private information

variance parameter �s. Instead, this study follows the traditional approach of holding �s
constant at some pre-selected level. The speci�c values of �s�s are based on level of V (s; x)

for each stage and re�ect the wide distribution of possible trial outcomes.

Finally, the dataset is compiled of the markets within the same size bracket, so there is

no need to specially account for it in (8).

Once an estimate of R is obtained, it is used to evaluate impact of various policies as

described in Section 5 below.

5 Results

5.1 Reduced-form results

This subsection discusses a simple logit estimate of drug continuation decisions, presented

in Table 2. It serves both to illustrate the data, and verify the identi�cation. The dependent

variable is the decision to abandon the drug or continue its development. The independent

variables include the number of competing drugs at each stage of the development process,
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# of drugs in All Phase I to II II to III III to FDA
Phase I 0:0192

(0:0690)
0:1078
(0:1058)

�0:1508
(0:1309)

0:2864
(0:2632)

Phase II �0:1236
(0:0511)

�0:1417
(0:0765)

�0:0415
(0:0898)

�0:3629
(0:1852)

Phase III �0:0184
(0:0811)

�0:0661
(0:1143)

0:1287
(0:1530)

�0:1798
(0:2768)

FDA 0:0388
(0:1019)

0:1658
(0:1509)

�0:3400
(0:2108)

0:3033
(0:3177)

Market 0:0233
(0:0325)

�0:0050
(0:0462)

0:0315
(0:0654)

0:1137
(0:0984)

Table 2: Logit estimates of drug continuation decision. �All�column represents a regression
with own stage dummies, the rest of the columns represent a regression with interactions
between these dummies and the number of drugs. Standard errors are given in parenthesis,
number of observations is 173, p-value of LR test is below 0.0001 in all cases.

as well as the dummies indicating the current phase of the drug, and (in the last three

columns) interactions between the drugs.

There is not much signi�cance, which is not surprising given the low number of ob-

servations and multicollinearity between the numbers of competing drugs. Still, the few

signi�cant coe¢ cients have the expected negative sign: more competition reduces the value

of �rm�s own drug and hence lower the incentive to continue its development.

This indicates that di¤erent industry structure has at least some e¤ect on development

decisions, and makes it possible to identify stage costs that drive these decisions via the

structural estimation.

Further, the estimates of structural model parameters are necessary as information in

Table 2 is not su¢ cient to evaluate the industry response to policy intervention. We can

use this type of estimates to model industry development under current regime, and we can

model response to increased number of drugs at various stages, but we cannot estimate how

much the number of drugs will increase as the result of policy intervention.

5.2 Estimates

As mentioned in Section 4 above, a number of model parameters are estimated directly from

data, and then estimate of the remaining parameters and model equilibrium are produced

using the Nested Pseudo-likelihood method.

The estimates of �s �the probability that drug will complete the present stage within a

year are presented in Table 3. Average annual arrival of new drugs is estimated at �̂0 = 4:05.

Unfortunately, the PharmaProjects database does not track the sales of the drugs, so

it is impossible to tell when any drug leaves the market. Instead, an assumed value of

�5 = 0:95 is used, setting the average lifespan of a given drug equal to patent life of 20
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Phase s �̂s
Implied phase
duration (yrs)

1 0:3929 2:55
2 0:2663 3:76
3 0:2865 3:5
4 0:3455 2:89

Table 3: Estimates of stage duration paramaters �s.

years. In addition, a correction must be applied to the data on x5, since in raw form they

represent the number of all drugs released on the market since the records began. Since

PharmaProjects started tracking drugs in late 1980�s, the average age of the drugs in the

sample is about 10 years, so x5 is multiplied by (�5)
10.

The probability of FDA granting a permission to enter the market is again estimated

directly from data as p̂5 = 0:7894.

The pro�t margin is set as � = 0:3, according to an industry publication; this margin

excludes R&D costs, since they are already accounted for in the model. All data come from

markets placed into $2-5 billion annual revenue bracket, so market size is set to average

value: M = 3500 (in millions of dollars).

The discount rate � is set to 0:05, corresponding to long term real return on investment

of 5%.

s R̂s V (s;Ex) �s
1 � 22:18 �
2 13:18 30:27 10
3 100:15 112:33 25
4 383:36 458:27 100
5 � 635:37 �

Table 4: Estimate of stage costs and value function (at average industry state); standard
deviation of trial results is provided for reference.

The Nested Pseudo-likelihood estimate of the model successfully converged, providing

both the estimates of stage costs Rs and equilibrium value function V (�). Table 4 reports
the estimates of stage costs and value function for average industry state12, along with

values of f�sg that were selected to match the scale of V and R.

Stage costs are increasing from one stage to another, which is consistent with each

consecutive stage of development being longer and involving more subjects than the previous

12As described in 4, V (�) is represented by a set of polynomial coe¢ cients, and author feels that reporting
them would be less informative.
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one; DiMasi, Hansen, and Grabowski (2003) report similar relationship. Further, value of

a drug in each subsequent stage is higher, which is reasonable as drugs more likely to reach

the market. No Rs or �s are reported for s = 1; 5 since decision to enter Phase I (s = 1) is

not included in the model due to lack of data, and the transition to the market (s = 5) is

controlled by FDA.

A somewhat surprising �nding is the relatively large cost of submitting a drug for FDA

approval, since the application fee is substantially smaller than the estimate of $383 million.

However, the estimate re�ects an economic cost to the �rm, which includes considerable

e¤ort involved in preparing the necessary application documents, and then following up

with FDA o¢ cials, providing clari�cation on any unclear points, checking on the progress

of the application, etc.

s
Observed

�xs

Predicted
Exs

1 10:86 10:33
2 14:86 12:83
3 7:86 7:51
4 3:77 4:19
5 27:87 23:21

Table 5: Comparison of industry states observed in the and predicted by the estimated
model.

To assess the "goodness of �t", Table 5 compares the average observed industry state

with the one predicted by the model. One cannot expect exact �t because model�s prediction

is a expectation over limiting (or ergodic) distribution13, while observed data represent a

relatively short period in life industry which cannot be reasonably expected to represent

the limiting distribution. Given that, the close numbers in any given stage, and identical

comparisons across stages indicate that the estimated model captures the key features of

the actual industry.

5.3 Policy experiments

Having estimated the model parameters, this study proceeds to conduct policy experiments

by mapping each policy into a change in corresponding parameter, and computing equilib-

rium for that new parameterization.

To make the policy interventions comparable, the experiment setup is using "equal cost"

principle. The quotation marks are there since the intervening agent is doing a simpli�ed

cost computation, assuming that the number of drugs �owing through the development

13See 5.3 below for details of this computation.
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pipeline will remain unchanged as the result of this policy. In reality, policy intervention

will (or at least should) change number of drugs �owing through the system, but correcting

for this requires multiple trial-and-error experiments with the model, and this study assumes

that intervening agent is not su¢ ciently sophisticated to do that.

The speci�c experiments are:

� Subsidy o¤setting part of stage cost Rs. The cost of this policy is naturally computed
as the product of stage cost and average number of drugs that enter this stage each

year. The cost of all experiments is set to match 10% decrease in cost of Phase III

(R3); corresponding decrease for Phase II (R2) is 48%, for FDA �ling (R4) �4%. As

mentioned above, major part of R4 is likely to be economic cost rather than actual

payments by the �rm, so subsidy might be harder to justify, and instead can be viewed

as streamlining and facilitating the application process to reduce the economic costs

of the �rms.

� Subsidy towards the sales of the drug, making it accessible to those who previously
could not a¤ord it. This expands the market and hence increases pro�ts of every drug

on it. The cost of this policy is computed as the product of subsidy percentage and

total market revenue (M). The amount matching the other subsidies is 0.0625%.

There is an additional issue related to sales subsidy. On average, Pharmaceutical

�rms spend 30% of their revenue on promotion. It is not reasonable to assume that

this expense should not apply to sales generated through subsidy, so pro�t margin for

subsidy-related sales is adjusted to re�ect that.

In addition to subsidies, this study attempts to study e¤ectiveness of several other

policies, cost of which cannot be reliably predicted or matched to the cost of subsidy policies.

Instead, this group of policy experiments aims to be internally consistent by using similar

changes of model parameters:

� Shorter duration of development stages. This can be achieved through various in-
stitutional changes, such as greater sharing of information about clinical trials or

streamlining the FDA review procedures. To achieve a visible e¤ect, the assumption

is that duration of each stage is reduced by 50%.

� Increased discovery research, which would result in additional drugs entering Phase
I. While there are studies on productivity of research investment14, the inability to

model the transition into clinical trials prevents the proper cost computation for this

policy. Instead, the experiment assumes 50% increase in number drugs entering Phase

I.
14See, for example, Henderson and Cockburn (1996).
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The policy evaluation criteria is number of drugs entering the market per year; the �ow

of drugs through various stages of development is also reported to aid the understanding of

mechanism by which policy works (or doesn�t). This "�ow" measure is preferable to "stock"

of drugs on the market, since the latter is directly a¤ected by an assumption on duration of

pro�table life of the drug (�5), which is somewhat arbitrary. Besides, the "�ow" measure

better matches the stated goal of the increased introduction rate of new drugs.

Given a set of parameter values, an equilibrium is computed by iterating on Pakes-

McGuire step described in Section 4. The estimated "baseline" equilibrium provides a

convenient starting point for this computation, since best-reply dynamics of Pakes-McGuire

update simulate the adjustment of an industry to a new environment. Convergence of

this algorithm is again not guaranteed, but use of dampening helped ensure successful

computation of all counterfactual equilibria that the experiments require.

5.3.1 E¤ects on long-term dynamics

The �ow of drugs is computed as an expectation over a limiting distribution, i.e. the stable

distribution of states that industry achieves after evolving for a su¢ ciently long period of

time. While linear algebra o¤ers a direct way to compute this distribution, it is not practical

here due to the large size of state space. Instead, this study simulates the development of

the industry for a long period of time, and takes the average15 over the resulting states,

as well as drug transitions and other indicators. The duration of this simulation period

is selected to be large enough to ensure that simulation error is below the e¤ects of most

policies.

Table 6 presents the results of the experiments. Top row reports the average �ow of

drugs through the stages of the development pipeline under the baseline estimate, and

the following rows report change to these numbers under various policy interventions. The

primary focus is on the last column, which contains the increase in the number of new drugs

entering the market. The numbers in parentheses are the standard errors of simulation

(rather than estimation).

The �rst, and fully expected, observation on Table 6 is that all policies have either

positive (or insigni�cant) e¤ect on the number of new drugs entering the market.

A comparison of policies that a¤ect costs or durations of several consecutive development

stages, reveals that, with two exceptions, policies a¤ecting later stages are more e¤ective

than those a¤ecting earlier stages. The �rst exception is Subsidy to Sales. This is in part

expected as �rms do not receive the full amount of subsidy. The production, distribution

and administrative costs absorb part of the new revenue that the subsidized sales generate.

15 In order to eliminates any e¤ect of the initial state, the average excludes �rst 20% of the simulation
period, which .
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Policy n Stage Ph. I Ph. II Ph. III FDA Market
Baseline estimate 4:090

(0:027)
3:397
(0:026)

2:124
(0:021)

1:454
(0:017)

1:157
(0:014)

Subsidy - FDA review +:003
(:028)

+:121
(:027)

+:154
(:022)

+:111
(:018)

+:093
(:015)

Subsidy - Phase III �:008
(:028)

+:129
(:027)

+:210
(:022)

+:087
(:018)

+:070
(:015)

Subsidy - Phase II �:011
(:028)

�:234
(:027)

+:070
(:021)

+:035
(:017)

+:021
(:015)

Subsidy - Sales �0:002
(0:028)

+0:054
(0:026)

+0:059
(0:021)

+0:043
(0:017)

+0:035
(0:015)

Faster FDA review �:013
(:028)

+:224
(:027)

+:295
(:022)

+:214
(:019)

+:170
(:016)

Faster Phase III +:002
(:028)

+:126
(:027)

+:112
(:022)

+:060
(:017)

+:046
(:015)

Faster Phase II �:017
(:028)

�:047
(:025)

�:010
(:021)

�:002
(:018)

+:001
(:014)

Increased Discovery +2:036
(0:040)

+1:195
(:035)

+:343
(:027)

+:129
(:021)

+:107
(:018)

Table 6: E¤ect of policy experiments on Flow of drugs through development pipeline. Top
row is number of drugs entering each stage of development under baseline estimate, the rest
of the rows are changes to these numbers resulting from various policy interventions.

However, assuming that �rms receive 100% of the sales subsidy still increases new drug

introduction by only 0.057, which is below the increment from Phase III or FDA review

subsidies.

The second exception is Increased Discovery. Despite a¤ecting the earliest phase of

trials, it shows higher e¤ect than reduced duration of Phases II or III of clinical trials.

However, as outlined above, these policies are not necessarily comparable.

Returning to the overall trend of interventions into later stages being more e¤ective,

it is worth investigating the reasons behind it. Note the increase in the number of drugs

�owing through the pipeline is often the highest at the stage a¤ected by the policy (which is

indicated by bold font in Table 6). The e¤ect might or might not be smaller for the earlier

stages, but it never fails to decline with each subsequent stage.

The �ow of drugs from stage to stage under the limiting distribution is fully determined

by the probability of continuing to the next stage, p (s; x). These probabilities are given

by (3), which contains only one endogenous term: V
�
�s+ 1; x

+(s+1)
�s

�
, the value that a �rm

received if it enters the stage.

Table 7 presents these values for each of the experiments, evaluated at the average of

states over the limiting distribution. As before, the stage a¤ected by the policy intervention

is indicated by bold font. With the exception of Faster Phase II, all experiments reveal a

common pattern: value for stages prior to the one a¤ected by policy is increased (hence in-

creasing chances of a drug to enter the stage); value for stages subsequent to the intervention
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Policy n Stage Ph. I Ph. II Ph. III FDA Market
Baseline 22:18 30:27 112:33 458:27 635:37

Subsidy - FDA review +2:39 +2:60 +2:30 �13:89 �20:44
Subsidy - Phase III +2:57 +3:01 �5:68 �11:15 �16:38
Subsidy - Phase II +3:82 �1:09 �2:03 �3:95 �5:81
Subsidy - Sales +1:09 +1:15 +0:91 +0:11 �0:35
Faster FDA review +5:03 +5:55 +5:23 +2:08 �25:54
Faster Phase III +3:59 +3:07 +1:02 �4:81 �7:97
Faster Phase II �0:28 �0:73 +0:41 +0:12 �0:19
Increased Discovery �4:95 �5:65 �9:66 �18:03 �26:24

Table 7: Changes to Value function at a given stage as the result of policy experiments.

is reduced, hence reducing the chance of a drug to continuing into that stage.

It appears that the reduction of policy e¤ect in stages subsequent to the intervention can

be explained by the interaction of strategic and direct e¤ects. The direct e¤ect consists of

the policy incentive, but it only applies to the stages prior to policy intervention. Strategic

e¤ect is more subtle. Table 6 shows that the �ow of drugs prior to policy-a¤ected stage has

increased, thus necessarily increasing the average number of drugs in the industry. Strategic

considerations imply that this would reduce the value of a drug at any given stage (as the

market size remains unchanged in all but one experiment).

Combining the two e¤ects, we see that the direct e¤ect outweighs the strategic one at

stages prior to policy intervention, leading to an increased value. But at stages subsequent

to policy intervention, only the strategic e¤ect remains, reducing the value of the drug.

Translating this into probabilities of continuing into a stage implies that the �ow of

drugs through the pipeline increases up to the point of intervention, but shrinks with every

stage past the intervention. Interventions into earlier stages of development process mean

that such shrinking occurs in more stages, resulting in a lower e¤ect when compared to the

policies a¤ecting later stages.

5.3.2 Policy cost function & multiplicity of equilibria

In addition to computing the e¤ect of the four cost-equivalent subsidy policies above, this

section repeats the computation of counterfactual equilibria using various levels of policy

parameters, and records the e¤ect on the introduction rate of new drugs, as well as the

policy cost, computed as the product of the number of drugs entering the subsided stage

and the amount of the subsidy. In case of sales subsidy, cost is obviously the market size

times the subsidy percentage.

Figure 1 presents the results (with important caveat described in the next paragraph).
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Figure 1: Cost function of various subsidy types. Multiple equilibria falling outside of the
general pattern are omitted.

The returns from each type of subsidy seem to be roughly linear, so their comparison in the

previous section remains valid regardless of size of the subsidy. This is a useful �nding as

nonlinear nature of the model could have led to convex or concave e¤ect of policies, making

general ranking of subsidy types impossible.

Another, technical purpose of the cost computation was to provide a sort of a robustness

check, i.e. to verify that policy response is a continuous and reasonably smooth function

of subsidy amount. While Figure 1 seems to con�rm that, it also omits a few cases of

multiple equilibria that were found during this exercise. Since all such equilibria resulted in

substantially greater increase in new drug introduction rate, omitting them can be viewed

as conservative.

To illustrate, consider Figure 2. It follows the similar format as Figure 1, but it limits

attention to Market Subsidy, presents all computed equilibria and omits the connecting

lines between them. As we see, there are two equilibria at cost of $17.5M, and again at

cost of $70M. One of equilibrium of each pair follows the linear pattern established by other

equilibria. But the second equilibrium in each pair breaks the pattern by generating a

substantially larger number of new drugs. Similar multiplicity pattern arises when experi-

menting with other subsidy types �a second equilibrium with much higher number of new
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Figure 2: Market Subsidy: policy cost and e¤ect for all equilibria computed by varying
subsidy percentage.

drugs appears at two disjoint points.

Of course, it is of great interest to �nd out more about such multiplicity - how wide are

the ranges of parameter values where it occurs, what are the di¤erences between equilibria,

and how can a policymaker force the industry to play a certain equilibrium. Future revisions

of the paper will attempt to answer these questions.

5.3.3 Short-term dynamics

The analysis above has concentrated on long-term dynamics as approximated by the limit-

ing distribution. This section explores what happens immediately after the policy is imple-

mented. Speci�cally, we want to know which policy type brings new drugs to the market

faster. To this end, a new simulation is constructed that starts from average state of limit-

ing distribution under the baseline estimate, and generates a large number of possible paths

that the industry could take during the �rst 60 years after the policy was implemented16.

Figure 3 presents the change in the number of drugs on the market (x5) as the result

of various cost-equivalent subsidies. This "stock" variable is viewed as a more informative

1660 years was chosen as a period that is su¢ ciently long for industry to stabilize into the new limiting
distribution.
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Figure 3: Short-term response of the number of drugs on the market as the result of various
subsidy types.

indicator than the change in the "�ow" of new drugs into the market as we are interested

in accumulation of new drugs over a period of time. The result is that policies that gen-

erate more new drugs in the long-term also happen to generate new drugs earlier. The

most e¤ective subsidies (reducing costs of FDA review and Phase III) demonstrate a bit of

oscillation continuing years after the policy was enacted, suggesting that industry initially

"overreacts" to policy stimulus. Still, oscillations are small and seem to be converging.

Figure 4 explores these oscillations by focusing on subsidy towards the costs of FDA

review, and presenting short-term response of the number of drugs at various stages of

development cycle. We see that oscillations in the number or drugs on the market are

mimicked by all previous stages, with the expected time lags between high and low points

of subsequent phases. So it appears that over-reaction occurs at all levels of the development

pipeline.
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Figure 4: Short-term response of the number of drugs at various development stages as the
result of Subsidy to cost of FDA �ling.

6 Conclusion and extensions

This study has constructed a dynamic model of the drug development process, structurally

estimated it and evaluated the e¢ ciency of various policy interventions by conducting coun-

terfactual experiments. The major conclusion is that policies applied to earlier stages of

development have a smaller e¤ect on output of new drugs. The reason for this phenomenon

is that a policy-driven increase in the number of drugs necessarily decreases the value of

each drug, and while policy intervention ensures �rms are more willing to invest into de-

velopment when they expect to bene�t from policy at a future stage, they are less likely to

continue development into stages subsequent to policy intervention.

It is important to note that the various e¤ects described above are strategic in nature,

since they represent response of the �rm to policy-induced actions of the competing �rms.

An attempt to evaluate e¤ectiveness of policy intervention outside of the framework of

dynamic games, e.g. using a single-agent model would have missed this e¤ect and overstated

the impact of any policy intervention.
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The obvious extension of the present study is further exploration of the equilibrium

multiplicity, such as identifying more of multiple equilibria, understanding di¤erences be-

tween them, and posing an equilibrium selection mechanism that would tell us which of the

equilibria is likely to emerge after the application of the policy.

Another possible extension is modifying the model to describe decision making by a

multi-drug �rm. Guedj and Scharfstein (2004) found that large �rms with "portfolios" of

drugs at every development stage behave di¤erently from �rms who have their business

staked on a single drug. Proper treatment of this feature would change the model substan-

tially, adding the �rm�s own drugs to the state space, altering the state transition process

to keep track of individual �rms with their portfolios, and possibly abandoning anonymity

assumption, since �rms might consider not just the number of competing drugs, but the

identity of the �rms that own them. On the positive side, this model will allow me to test

whether the current coexistence of large and small �rms is sustainable, or the industry leans

towards concentration of the market in the hands of the few large �rms.

A further expansion of this study would be incorporation of clinical trial outcomes into

the estimate. This is a substantial undertaking, requiring a collection of clinical trial results

and a method of comparing them across di¤erent markets (e.g. based on percentiles). In

return, this approach will help to distinguish between medical and economic components of

drug development decisions.
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A Derivation of continuous-time Bellman equations

Even with simpli�cation of transition process, (1) is not tractable. Instead, this study uses
Bellman optimality principle that reduces the problem to solving for one decision at a time.
Note that (1) can be restated as:

V (1; x) = max
a2
E"1;T1;xT1

8>>>>><>>>>>:

e��T1f(1� a2) "0;1 � a2 (R2 � "1;1) + a2�
�maxE"s;Ts;xtjxT1 [e

��T2f(1� a3) "0;2 � a3 (R3 � "1;3) + a3�
�e��T3f(1� a4) "0;3 � a4 (R4 � "1;3) + a4�
�e��T4p5�
�
R T5
0 e��qR (xq+T1+T2+T3+T4) dqggg]

9>>>>>=>>>>>;
= max

a2
E"1;T1;xT1

�
e��T1f(1� a2) "0;1 � a2 (R2 � "1;1) + a2V (2; xT1)

	
The next step is to consider an interpretation of continuous time as a limiting case of

discrete-time model when the length of the period approaches zero. The approach is to take
a short period of time �, write a discrete-time Bellman equation describing the change of
the value over that period, transform the equation and take a limit as � �! 0. Since the
�rm�s information set does not include time, �rm�s decision and industry transitions are
invariant of t, and the time subscript is dropped. Further details depend on the stage of
the drug described by the equation ("our drug"), which is denoted as �s (to distinguish it
from arbitrary subscript s).

Consider a drug in clinical trials (�s 2 f1; 2; 3g). It is easiest to write out the equation,
and then explain what individual terms mean:

V (�s; x) = (1� ��)�

�

8>>>>>>>>>>><>>>>>>>>>>>:

�
���s +O

�
�2
��
� log

241 + exp
8<:V

�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35 (A)

+
P5
s=1 (xs � 1�s=s)

�
��s +O

�
�2
�� " p (s+ 1; x)V

�
�s; x

+(s+1)
�s

�
+(1� p (s+ 1; x))V (�s; x�s)

#
(B)

+
�
��0 +O

�
�2
��
V
�
�s; x+1

�
(C)

+

�
1�

� P5
s=1

�
xs��s +O

�
�2
��

+�p0 +O
�
�2
�
+��0 +O

�
�2
� ��V (�s; x) (D)

9>>>>>>>>>>>=>>>>>>>>>>>;
Since the drug is in the trial, it does not generate any pro�t, so all there is the expected

future value term. The discount factor is e��� � (1���). Now consider the sum in the
curly brackets, which is described line-by-line:

(A). This term deals with our drug �nishing clinical trial during the � period. The
probability of this event is is ���s. Probability that some other drug will �nish stage s is
��s. Probability that these two events will happen simultaneously is ���s��s = �

2��s�s =
O
�
�2
�
as the limit is taken at � �! 0. So one can safely assume that any expected value

associated with some other drug transiting along with ours is O
�
�2
�
.

The � log [:::] term is the expected value resulting from decision to abandon the drug
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(a = 0) or advance to next stage (a = 1):

� log

241 + exp
8<:V

�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35 =

= E" max
a2f0;1g

n
(1� a) "0 + a

h
"1 �R�s+1 + V

�
�s+ 1; x

+(s+1)
�s

�io
(9)

where V
�
�s+ 1; x

+(s+1)
�s

�
is the value realized if the drug advances, and x+(s+1)�s means x

with xs decreased by one, and xs+1 increased by one to re�ect transition of our drug to the
next stage. It follows from properties of EV distribution that

p (�s+ 1; x) = E"ia (10)

=

241 + exp
8<:�V

�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35�1

(B). This term deals with other drugs completing the trials, receiving FDA approval or
exiting the market. For a drug in stage s, probability of such event is ��s, probability of
that for one in xs drugs is �xs�s+O

�
�2
�
, and expectation of more than one drug reaching

the end of a stage is again O
�
�2
�
.

If a drug completes stage s, it advances to the next stage with probability p (s+ 1; x),
which causes the change in industry state and corresponding change in the expected value
of our drug (x�s means x with xs reduced by one). To avoid separate notation for s = 5
(drug on the market), let p (6; x) � 0 (i.e. it cannot transit further).

(C). This term re�ects the chance that a new drug enters Phase I trials. The probability
of this ��0, plus O

�
�2
�
term that incorporates simultaneous events.

(D). This term represents the value realized if none of the above events occur during
the � period. Appropriately, the probability is one minus sum of all other probabilities,
and the value realized remains at V (�s; x).

Now let�s transform the equation. Split the (D) term and rearrange to obtain:

��V (�s; x) = (1� ��)�

�

8>>>>>>>>><>>>>>>>>>:

�
���s +O

�
�2
��0@� log

241 + exp
8<:V

�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35� V (�s; x)

1A
+
P5
s=1 (xs � 1�s=s)

�
��s +O

�
�2
��264 p (s+ 1; x)V

�
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+(s+1)
�s

�
+(1� p (s+ 1; x))V (�s; x�s)

�V (�s; x)

375
+
�
��0 +O

�
�2
�� �

V
�
�s; x+1

�
� V (�s; x)

�

9>>>>>>>>>=>>>>>>>>>;
Now note that for arbitrary constant �, (1� ��)

�
�� +O

�
�2
��
= �� +O

�
�2
�
and take

the limit of the ratio of two sides of the equation as � �! 0, which gives:
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�V (�s; x) = ��s

0@� log
241 + exp

8<:V
�
�s+ 1; x

+(s+1)
�s

�
�R�s+1

�

9=;
35� V (�s; x)

1A
+
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�s

�
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�V (�s; x)

375
+�0
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V
�
�s; x+1

�
� V (�s; x)

�
(11)

This is the standard form of Bellman equation for continuous time model, which sets the
rate of change in value implied by discount rate (�V (�s; x)) equal to the expected rate of
change provided by the model. The latter is a sum of products of hazard rates for each
event and expected change in value as the result of that event.

For a drug under FDA review (�s = 4), the Bellman equation is constructed in
a similar way, except that transition of our drug to the next stage is determined by the
FDA�s decision, which is an exogenous random event from the point of view of the �rm that
only knows the probability of positive decision p�5:

�V (�s; x) = ��s

h
p�5V

�
�s+ 1; x

+(�s+1)
��s

�
� V (�s; x)

i
+
P5
s=1 (xs � 1s=�s)�s

264 ps (s; x)V
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�V (�s; x)

375
+�0

�
V
�
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�
� V (�s; x)

�
(12)

Finally, drug on the market (�s = 5) does not involve any decisions, but it�s value is
a¤ected �ow of pro�ts, the possibility of vanishing from the market, as well as the usual
chances of other drugs progressing through the pipeline, entering or exiting the market:

�V (�s; x) = R5 (x)� ��sV (�s; x)

+
P5
s=1 (xs � 1s=�s)�s

264 p (s+ 1; x)V
�
�s; x

+(s+1)
�s

�
+(1� p (s+ 1; x))V (�s; x�s)

�V (�s; x)
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+�0

�
V
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�s; x+1

�
� V (�s; x)

�
(13)
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