
University of Oxford

Models and Software for Improving
the Profitability of Pharmaceutical

Research

Shuo Qu

Exeter College

Thesis submitted to the Mathematical, Physical and Life

Sciences Division for the degree of Doctor of Philosophy of the

University of Oxford.

Department of Statistics, 1 South Parks Road,

Oxford OX1 3TG

June 2011



I certify that this is my own work (except where otherwise indicated).

Candidate:Shuo Qu

Signed . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . . . . . . . . . . .

Dated . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .. . . . . . . . . . . . . . . . . . . . . .



Abstract

Pharmaceutical R&D is time-consuming, extremely costly and involves great un-

certainty. Although there is a broad range of literature on statistical issues in clin-

ical trials, there is not much that focuses directly on the modelling of pre-clinical

research.

This thesis investigates models and associated software for improving decision-

making in this area, building on earlier work by the same research group. We

introduce a class of adaptive policies called forwards induction policies for can-

didate drug selection, and show that these are optimal, witha straightforward

solution algorithm, within a restricted setting, and are usually close to optimal

more generally. We also introduce an adaptive probabilities model that allows

the incorporation of learning from a project’s progress into the planning process.

Real options analysis in the evaluation of project value is discussed. Specifically,

we consider the option value of investing in clinical trialsonce a candidate drug

emerges from pre-clinical research. Simulation algorithms are developed to inves-

tigate the probability distributions of the total reward, total cost, profitability index

and the required future resource allocations of a pharmaceutical project under a

given allocation plan. The ability to simulate outcome distributions means that we

can also compare the riskiness of different projects and portfolios of projects.
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Chapter 1

Introduction

1.1 Pharmaceutical R&D Summary

This introductory section provides a general discussion onthe current problems

and challenges faced by the pharmaceutical R&D sector, and possible means of

tackling these problems. The material discussed in this section is based on re-

cent reports concerning the current and future state of the pharmaceutical industry

by Accenture (2005, 2007), PricewaterhouseCoopers (2008), Bain and Company

(2009, 2010), McKinsey (2010) and the references therein. These reports have

contributed equally as they all describe the situation in very similar terms.

The world needs the pharmaceutical industry to succeed. According to the

World Health Organization, heart disease, stroke, cancer,chronic respiratory dis-

ease and diabetes cause more than 60% of all deaths worldwide. With major health

problems still unsolved, the pharmaceutical industry needs to prime its innovation

pump and achieve better results.

Few industries have a more complex business model than the pharmaceutical

sector. The pharmaceutical industry also spends more on research and develop-

ment, relative to its sales revenue, than almost any other industry. According to

an estimate by Bain and Company, the industry’s spending on drug R&D stood

at £40 billion in 2007, up roughly 56% from 2001. PharmaceuticalR&D is in-
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Chapter 1 Introduction

creasingly risky, costly and at times inefficient. Estimates of the average cost of

bringing a new drug to market range from£500 million to£1.2 billion, extending

over a period of around 10-15 years.

The pharmaceutical R&D process consists of two major phases, discovery

and development. Drug discovery (or pre-clinical research) is the process by

which drugs are discovered and/or designed. Once a compoundhas shown its

value in discovery, it will begin the process of drug development (or clinical tri-

als). Out of every 5000 potential new development compoundsidentified during

the discovery process, only five are considered safe for testing in human vol-

unteers after pre-clinical evaluations. After three to sixyears of further clinical

testing in patients, on average only one of these compounds ultimately emerges

as a marketable and regulatory-approved drug. Then only about 30% of drugs

launched recover their risk-adjusted cost of R&D - a rate that is likely to deterio-

rate further given the increasing demands of payers and access agencies that want

more value for their money (Hariharan and Singh, 2010). To cover their costs,

pharmaceutical manufacturers traditionally rely on a few blockbuster compounds

to make up for the underperformers. But blockbusters are fewand far between.

In 2009, 19 new molecular entities (NMEs) were approved by the US Food and

Drug Administration (FDA), a volume which is much lower thanthe industry and

investors would like it to be.

The pharmaceutical industry has reached a tipping point. With few excep-

tions, pharmaceutical companies have been unsuccessful inachieving their growth

objectives. The industry as a whole has created limited shareholder value since

2000, underperforming the S&P 500’s own tepid results. Total shareholder return

from the beginning of the decade through year-end 2007 was only 2.7% for the

pharmaceutical industry versus 3.6% for the S&P 500 and 5.9%in the relatively

low-growth consumer goods sector (Russell and Gjaja, 2008). The pharmaceutical

industry has entered a period of significant uncertainty andtransition, character-

ized by rising R&D cost, declining productivity and increasing attrition rates.

Over recent years, the costs of pharmaceutical R&D have soared. According

to the 2009 annual report by the European Federation of Pharmaceutical Industries

and Associations (EFPIA, 2009), between 2004 and 2008, pharmaceutical R&D

8



Chapter 1 Introduction

expenditure has risen by about 7% annually. The industry’s average R&D expen-

diture as a percentage of sales stood at 16% in 2008, more thandoubled since

1980. The increasingly complex nature of science, the significant cost of ever

larger clinical trials and the amount of resources needed toget approval by reg-

ulatory authorities are the primary reasons for this exponential increase of R&D

costs. The financing of such R&D expenditure requires a sustained and substantial

investment.

However, continued growth in R&D spending has appeared to have little ef-

fect on the pace at which new drugs are developed. Annual approvals of NMEs

by the FDA experienced a pronounced decline since the mid-1990s. In this de-

cline, the total number of NMEs approved each year fell from ahigh of 53 in

1996 to 19 in 2009. As a result, the average R&D cost per new drug has grown

significantly, while prices worldwide are under pressure. R&D productivity, as

measured by R&D expenditure per NME license application, declined on average

by 21% annually for 10 years since 1998 (Bain and Company, 2009).

More than 80% of compounds that enter clinical trials are destined to fall

out of the development pipeline. Attrition rates of this magnitude are the single

biggest cause of the industry’s productivity challenge. A 2010 McKinsey report

(Singh et al., 2010) tracking the attrition rates of more than 3,000 compounds in

each phase of development showed that overall clinical success rates fell between

1996 and 2007. Their research shows that success rates in phaseI 1have been rel-

atively stable, having stood at around 65% for the past 12 years. After a dip earlier

in the analysis period, success rates in phaseIII are recovering, from 50% in 2003

to 60% in 2007, leaving the attrition in phaseII as the single biggest reason for

declining success. The phaseII success rate has decreased 16% since 1997, lead-

ing to a rate of 33% in 2007. The McKinsey analysis also revealed a decline in the

success rates in most therapeutic areas. The average decline is 4.5%, but the fig-

ure varies by therapeutic area: oncology success rates havedropped by 3.2% and

endocrine by 13%. Declining productivity and expensive late-stage failures have

led to an urgent need for reassessment of the criteria used toselect compounds for

progression. Inadequate understanding of the commercial and scientific drivers of

these processes is a major obstacle to improved decision making.

1For a description of the phases of clinical trials see section 1.2.
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Chapter 1 Introduction

Drug discovery organizations have not been able to deliver on the expecta-

tions they set for themselves. The pressure will continue toincrease and inten-

sify as products come off patent and society reaches the limits of willingness and

ability to pay for pharmaceutical innovation. Faced with patent expirations, ris-

ing expenses, competition from generics and pressure on branded drug prices,

big pharma’s revenue gap could balloon to almost£60 billion by 2014 (Bain and

Company, 2010). If pharmaceutical R&D is to remain at the forefront of medical

research, and continue helping patients to live longer, healthier lives, pharmaceu-

tical companies will need to change their fundamental practices and underlying

research processes.

For instance, companies need to integrate genomics, proteomics and other

technologies to improve target identification and attrition, and to enhance lead op-

timization and improve clinical trial design so as to speed approval, and shift from

broadly targeted drugs to more focused medicines with much higher therapeutic

value for the target population. These emerging technologies have the potential

to fundamentally change the drug discovery process, by intervening at multiple

points to increase the speed and to reduce attrition rates inearly discovery, as

well as by improving the quality of the compounds. Pharmacogenomics may im-

prove the success rate of clinical trials through use of patient subsets with specific

genetic risks and reduced chances of toxicities and side effects. This genetic pro-

filing can reduce clinical trial costs and increase the success rates of drugs after

launch. Some drugs that have been shelved may be revived after a re-examination

with reference to specific genetic subsets. Genetic variations among individuals

may suggest the need for individualized treatments and tailored drugs. Exploiting

this opportunity will require companies to introduce genotype-based diagnostics

into personalized medicine, which will have broad impact inthe industry. And

further, using genotype-based elimination of major side effects will actually cre-

ate even larger blockbuster products than is possible basedon today’s approach to

developing and prescribing medicines.

Creating partnerships and alliances will enable companiesto become ‘virtual’

entities, with streamlined parent companies tied to outside alliances that provide

fast access to critical capabilities. They also offer the opportunity to experiment

with emerging technologies and facilitate involvement in specific disease or ther-
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Chapter 1 Introduction

apeutic areas. Much of the innovation needed to fuel the growth expectations

of leading pharmaceutical companies is occurring in the biotechnology2 sector.

To survive, leading pharmaceutical companies will need to make better use of

innovation in this sector. As the competition for value-delivering partnerships

with biotechnology firms increases among the pharmaceutical companies, they

will need to respond by overcoming some of the existing barriers to effective al-

liances between the two sectors and by developing new competencies in alliance

evaluation and management. Alliances are increasingly popular for the opportu-

nities they offer for collaboration, knowledge sharing andresource sharing and

as catalysts for fundamental change. The winners in this intensely competitive

environment will be those companies that recognize external innovations as crit-

ical to their future success and therefore build the strategy, organization, process

and technology elements needed to support and enhance the effectiveness of their

alliance activities.

R&D organizations will need to cope with ever-expanding volumes of rel-

evant data crucial to the business. They will need to embed a new, integrated

technology system in R&D processes to connect disparate data, information and

technology. To work effectively using the new networked approach, R&D orga-

nizations need to strengthen their capabilities to supportenhanced collaboration

and integration, encompassing both internal and external stakeholders, in a man-

ner that accommodates both structured and unstructured interaction. To foster a

truly global R&D approach, R&D organizations will need to develop a flexible in-

frastructure, one that is highly secure, yet also elastic and cost-effective. To utilize

a wealth of available internal and external data, R&D organizations will need to

enhance their capabilities to assimilate and interpret a wide array of inputs, rang-

ing from sentiment monitoring and social networks to fully digital operational

data that is integrated and accessible. The pharmaceuticalR&D sectors will also

be required to incorporate a broad spectrum of analytics andpredictive capabili-

ties, ranging from simulation and modelling tools to visualization techniques that

provide the means to absorb massive volumes of data.

One critical competence for increased performance in discovery will be the

2Technological application that uses biological systems, living organisms, or derivatives

thereof, to make or modify products or processes for specificuse.
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Chapter 1 Introduction

need for more rapid and accurate prioritization and decision-making. R&D lead-

ers grapple with decisions about program termination, acceleration, resourcing

and prioritization. Project termination decisions are especially difficult and can

cost a company hundreds of millions of pounds if made too late. The current high

attrition rate in clinical trials suggests that companies have overlooked or ignored

key signals, and in some cases made poor decisions about aspects over which they

have substantial control. The growing complexity of discovery operations and

the increasing importance of managing functional interfaces have led some com-

panies to examine how to best create discovery operating platforms. Companies

need to improve their performance and quality of output by aligning the discovery

process to overall strategy and integrating new scientific and information tech-

nologies with the decision-making and resource managementof the organization.

Careful portfolio analysis is the key to making right decisions, and R&D lead-

ers can increase returns by identifying and removing poor performers from the

portfolio earlier in development. One of the barriers to implementing portfolio

decisions lies in poor linkages to resource planning systems. According to a sur-

vey conducted by Accenture (Accenture, 2001), 90% of participating companies

have developed resource planning systems for discovery since 1997. However

these are rarely directly linked to the portfolio management system. In the major-

ity of cases, the system is used only to track utilization rather than for forecasting

or modelling resource usage. The result is that resource allocations often become

disconnected from and out of alignment with the portfolio strategy, and supply

and demand mismatches of resource arise .

Decision-making itself is a weakness in the industry. Approximately 50% of

participants in the 2001 Accenture research considered decision-making within

the discovery organization to be ineffective and generallyslow. There is a clear

need in many companies to define a hierarchy of decision typesand identify the

bodies best able to take them. One common approach has been tomore fully em-

power project leaders to make decisions, particularly concerning the progression

of projects along the discovery process. Success has been slow, caused in part by

differing perceptions of who is ultimately responsible foreach decision and also

through variable interpretations of milestones and inconsistencies in transitioning

from one to another. Perhaps most harmfully, there is often ashortage of true
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Chapter 1 Introduction

project management skills among discovery scientists and of tools to support their

decision-making processes.

As a result, there is a clear and widely recognized need for a flexible, reliable

and user-friendly tool which assists the project planning process in discovery. This

is what our research and this thesis aims to provide.

1.2 Drug Discovery and Development

New drugs begin in the laboratory with scientists, including chemists and phar-

macologists, who identify cellular and genetic factors that play a role in specific

diseases. They search for chemical and biological substances that interact with

these biological markers and are likely to have drug-like effects. An investiga-

tional compound must be tested extensively in the laboratory to ensure it will be

safe to administer to humans (Rodda et al., 2001).

Once the disease which is to be treated has been identified a large proportion

of discovery projects proceed through the following sequence of operations.

• Before they can develop a medicine, bioscientists must firstunderstand the

biology of the disease they are trying to treat. Drugs usually act on either

cellular or genetic chemicals in the body, known as targets,which are as-

sociated with the relevant disease. Scientists use a variety of techniques to

identify and isolate individual targets to learn more abouttheir functions and

how they influence disease. To select targets most likely to be useful in the

development of new treatments for disease, researchers compare each drug

target to others based on their association with a specific disease and their

ability to regulate biological and chemical compounds in the body. This is

known as target identification and validation. Bioscientists then work out a

hypothesis for the way in which a chemical intervention in the body’s pro-

cesses might achieve the desired therapeutic result, and devise tests using

animal tissue or live animals in order to screen compounds for relevant ac-

tivity. We refer to this first stage at which target is identified and validated,

asbefore screening.

13



Chapter 1 Introduction

• Chemists select and/or synthesize compounds which are designed in the

hope of finding relevant activity. These compounds are subject to screening

tests. The initial screen is usually a high throughput robotic screen on tens of

thousands of library compounds. When a compound with a sufficiently high

level of activity has been found, other compounds with chemical structures

which are similar are synthesized and tested. The original active compound

is termed alead compound, and the later compounds with similar structures

form alead series(LS). Thus, a lead compound is a lead in the investigation,

like a piece of evidence in police work.

• Compounds from a chosen LS are tested in a variety of ways for thera-

peutic activity and toxicity in the hope of finding one which is sufficiently

promising to be nominated as acandidate drug(CD), which will proceed

to clinical trials. This process is known aslead optimization. This is the

most resource-intensive stage in drug discovery, requiring considerable in-

put from synthetic chemistry, modelling, disease biology and assay design.

The early stages of the lead optimization process are usually focused on in-

creasing antibodies’ affinity to their target of interest and achieving desired

selectivity. Selectivity requirements vary from target totarget and, in par-

ticular, between different therapeutic areas. Once a molecule is identified,

the next step is to check its ADMET (adsorption, distribution, metabolism,

excretion, and toxicity) properties. The real challenge inlead optimization

is balancing when to focus on each of the different desirableproperties and

deciding when to abandon an LS (Hubbard, 2006). Lead optimization typi-

cally takes 18-30 months, depending on the complexity of thetarget biology,

the resource deployed and the chemistry of the LS.

• Any subsequent CD selected for development after the first CDis selected

from an LS is called abackup CD. After finding the first CD from an LS

we can look for a CD from a different LS, or look for backup CDs from

the same LS, or not look for any more CDs. At most 20% of CDs are

eventually marketable, so typically more compounds are screened while a

CD is undergoing clinical trials, so that one or more backup compounds

may in turn be selected as CDs. These may be from more than one LS,

which reduces the risk that they will all fail for the same reason.

14
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In summary, the discovery process can be modelled by five successive stages.

1. Before screening.

2. Looking for an LS.

3. Looking for a backup LS.

4. Optimizing an LS to find a CD.

5. Looking for a backup CD from an LS which has already provided one or

more CDs.

To begin the drug development process, pharmaceutical companies need to apply

for permission from the appropriate regulatory authorities to begin administration

to healthy volunteers or patients. In addition, an institutional or independent re-

view board (IRB) or ethical advisory board must approve the protocol for testing

as well as the informed consent documents that volunteers sign prior to partic-

ipating in a clinical study. An IRB is an independent committee of physicians,

community advocates and others that ensures a clinical trial is ethical and the

rights of study participants are protected.

Clinical trials also take place in a sequence of stages, usually referred to as

phases. Progress to each phase depends on success at all previous phases. In each

successive phase, increasing numbers of patients are tested.

PhaseI clinical studies are designed to verify safety and tolerability of the

CD in humans and typically take six to nine months. These are the first studies

conducted in humans. A small number of subjects, usually from 20 to 100 healthy

volunteers, take the investigational drug for short periods of time.

PhaseII clinical studies are designed to determine effectiveness and further

study the safety of the CD in humans. Depending upon the type of investigational

drug and the condition it treats, this phase of development generally takes one to

two years. Testing is conducted with up to several hundred patients suffering from

the condition the investigational drug is designed to treat. This testing determines

safety and effectiveness of the drug in treating the condition and establishes the
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minimum and maximum effective doses. Most phaseII clinical trials are ran-

domly divided into groups, one of which receives the investigational drug, one

of which gets a placebo containing no medication, and sometimes there is a third

group that receives a current standard treatment to which the new investigational

drug will be compared. Most phaseII studies are double-blinded, meaning that

neither the patient nor the research team evaluating the compound know whether

a given patient is receiving the investigational drug or theplacebo.

PhaseIII studies provide expanded testing of effectiveness and safety of

an investigational drug, usually in randomized and blindedclinical trials. In

phaseIII studies, safety and efficacy testing is conducted with several hundred

to thousands of volunteer patients suffering from the condition the investigational

drug treats. The trials are also required to establish the short-term and long-term

safety/efficacy balance of the CD. PhaseIII studies on average take two to four

years to complete, and approximately two-thirds of CDs under study are eventu-

ally submitted for regulatory approval.

At the conclusion of successful pre-clinical and clinical testing, an application

is made for marketing approval to the relevant licensing authority. The application

must present substantial evidence that the drug will have the effect it is represented

to have when people use it under the conditions for which it isrecommended.

Obtaining approval to market a new drug frequently takes between six months and

two years. Marketing approval gives the manufacturer the right to market the drug

exclusively under a trademark name for the time remaining ofthe patent life of

the drug. After the patent expires, other companies are permitted to manufacture

and launch generic forms of the drug.

Once a drug has been approved and is being marketed, it is studied in a phase

IV clinical trial to evaluate the side-effects of the new treatment that were not

apparent in phaseIII trials, and to find out the long term risks and benefits. Such

post-marketing clinical studies are mandatory in some jurisdictions.

Companies spend on average 27% of their R&D budgets on discovery. Clin-

ical trials (phasesI, II and III) together account for 54% of R&D budgets,

while an additional 14% of R&D investment is spent on phaseIV trials once

the medicine has been approved by the regulatory authorities. In addition, about
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5% of the R&D budgets is allocated to the approval process (EFPIA, 2010).

Further information on the drug discovery and development process can be

found in Bergman and Gittins (1985), Gittins (1997), and Rodda et al. (2001).

1.3 Context of this Work

The whole R&D process is time-consuming, costly and involves great uncertainty.

There is no aspect to which statistical methods cannot contribute. From screening

chemicals for activity to forecasting sales, they have madesignificant contribu-

tions to the development of pharmaceutical R&D methodology. There is a broad

range of literature on statistical issues in pharmaceutical R&D decision making,

which include project evaluation, resource allocation, pharmacoeconomics, port-

folio management, and the design and analysis of clinical trials. The journals

Pharmacoeconomics, R&D Management, andPharmaceutical Statisticsare good

sources for such literature. The earlier literature is reviewed by Bergman and

Gittins (1985).

The book edited by Rodda et al. (2001) provides a general guide to statistical

methods used in the pharmaceutical industry. The volume comprises contributions

from more than 20 statisticians working in the industry. Thedrug development

process is described from the viewpoint of statistical applications. The authors

describe studies, data, methods, and results that finally lead to a new drug. The

topics cover all aspects of the R&D process from pre-clinical safety assessment to

dose finding, safety studies, large clinical trials, and other issues from analysis of

health economic data to production and quality assessment.

Walley et al. (2004) examine how pharmacoeconomic analysescan be incor-

porated sensitively into the drug development process and can offer significant

improvements in the discipline and mode of thinking in decision making relat-

ing to the use of therapeutic drugs. Miller (2005) discussesthe use of five main

pharmacoeconomic analytic techniques: clinical trial simulation, option pricing,

investment appraisal, threshold analysis and value of information analysis. These

can provide useful input into the design of clinical development programmes,
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portfolio management and optimal pricing strategy. However all the techniques

described are concerned with clinical rather than pre-clinical research.

Senn (1996, 1998) examines various aspects of portfolio management and

project prioritization within the pharmaceutical industry. In these papers, prob-

ability of success, expected reward, and expected cost are identified as the key

factors for evaluating a research project, and the strengths and weaknesses of the

profitability (or Pearson) index (defined as the ratio between the expected net

present value and the expected cost of the project) for project ranking are also

discussed.

The paper by Poh et al. (2001) presents a good comparative study on the com-

monly used evaluation methods in R&D management for the pasttwo decades.

Based on the criteria proposed by the authors, their study shows that the scoring

method is the most common method of R&D project evaluation because of its

ability to deal with the many dimensions of R&D problems and its simplicity in

formulation and use. They also show that Analytic HierarchyProcessing (AHP),

when used as an R&D evaluation method, is a close second to thescoring method.

AHP is capable of handling multiple objectives for R&D projects and decompos-

ing the problem into a multilevel structure or hierarchy. The decision tree method,

as the study reveals, is a popular method because of its accessibility and abil-

ity to deal with risk and uncertainty. However, these results are not confined to

pharmaceutical R&D, and the methods described are not particularly relevant to

pre-clinical research.

The application of real options analysis in the pharmaceutical industry is rel-

atively new but has attracted a growing amount of interest. The theory of real

options, introduced by Kester (1984) and Myers (1984), has revolutionized the

way academics and practitioners think about investment projects by explicitly in-

corporating managerial flexibility into the analysis. Thisflexibility can represent

a substantial part of the value of pharmaceutical projects,which are characterized

by long time horizons and great uncertainty. Neglecting it can grossly undervalue

these investments and induce a miss-allocation of resources. Real options models

are based on the assumption that there is an underlying source of uncertainty, such

as the price of a commodity or the outcome of a research project. Over time, the
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outcome of the underlying uncertainty is revealed and managers can adjust their

strategy accordingly. In fact, most pharmaceutical R&D decisions can be seen

as options, for example, the decision to enter into a new contract, the decision to

terminate a project, or the decision to sell off the patent toanother company. The

pharmaceutical giant Merck was one of the pioneers in the useof options anal-

ysis to value its investment opportunities, where it first used the Black-Scholes

option pricing model to evaluate a proposed business relationship with a small

biotechnology company. Its use of this technique received considerable attention

in business publications (for example, Nichols, 1994; Sender, 1994; Thackray,

1995), and also facilitated the increasing applications ofreal options in this field.

See, for example, Myers and Howe (1997), Childs and Triantis(1999), Loch and

Bode-Greuel (2002), Bode-Greuel and Greuel (2005).

It is striking that the statistics literature is concerned almost exclusively with

clinical, rather than pre-clinical, research. There is a lack of an established frame-

work, both in the literature and in the pharmaceutical industry, for modelling

pre-clinical research. The comment by Miller (2005) for example, that there is

currently very little pharmacoeconomic planning in the early stages of drug R&D

supports this view. This is where our work fits in. We have modelled the pre-

clinical stages of research, in discussion with people working in the industry, in a

much more detailed fashion than is to be found elsewhere. Ouraim is to evalu-

ate the profitability and facilitate the effective allocation of effort at the different

stages of a pre-clinical R&D project.

1.4 Contribution of this Thesis

This thesis is a part of the research on developing models andsoftware for im-

proving the profitability of pharmaceutical R&D carried outby John Gittins and

his co-workers in Oxford. Gittins (1996, 1997) proposed a stochastic model to

investigate the profitability and resource allocation of a pharmaceutical research

project, which is a prototype model for later work. In his model Gittins divides the

drug discovery process into four stages and examines the relationships between

the profitability index for a project and the number of scientists allocated to each
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stage and the number of CDs selected from each LS. The main conclusion from

the Gittins model is that larger teams than those which were then typical would

lead to a substantial increase in the profitability of a pre-clinical project in many

cases. Chen (2004) extends this model by incorporating internal rate of return as

a second profitability criterion, and also considers the option value of waiting to

start an investment. Yu and Gittins (2007) extend earlier models by considering

the possibility of selecting CDs from more than one LS. An important conclusion

is that it is often worth incurring the additional cost of optimizing more than one

LS in the search for CDs, so as to reduce the risk of a string of CDs which all fail

for similar reasons. Charalambous (2009) further developsthe models by more

detailed modelling of the pre-clinical stages and of clinical trials.

The starting point for this thesis is the model investigatedby Charalambous

(2009), which is based on the earlier work of Chen (2004) and Yu and Gittins

(2007). Chen’s model is the basis for the first version of the OPRRA software

package, initially written in FORTRAN 90. OPRRA is the acronym for Opti-

mizing Pharmaceutical Research Resource Allocation. Later versions of OPRRA

have been written in Visual C++ in order to provide a more user-friendly inter-

face. The overall aim of this thesis is to further advance OPRRA, partly through

improving the models and solution algorithms and partly through improving the

software itself.

All the previous work was based on a class of non-adaptive CD selection

policies in a fixed probabilities setting. These policies have been termed(s, n)

policies, and are described in detail in section 4.3. They donot adapt flexibly to

the record of successes and failures at the various stages ofdiscovery and clinical

trial phases as the project progresses. They also only give point estimates of the

expected reward, cost and profitability index. In this thesis I have addressed these

deficiencies.

One major improvement is the introduction of a class of adaptive CD selec-

tion policies calledforwards induction(FI) policies. The principle of forwards

induction is that the next decision is always the one that maximizes the immediate

expected reward rate, with no attempt to look further ahead.It thus defines a kind

of myopic greedy algorithm. We shall see that FI policies areoptimal for a sim-
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plified CD selection problem, and are usually close to optimal more generally. FI

policies may be implemented in an adaptive probabilities setting, which allows for

learning about success rates as the project proceeds. This adaptive setting using

Bayes theorem to update success probabilities is describedin chapter 5.

I have developed simulation algorithms to investigate the probability distri-

butions of total reward, total cost, profitability index, and required future resource

allocations, both for a single pharmaceutical project under a given allocation plan

and for a portfolio of projects. These simulation algorithms may be used to inves-

tigate both types of CD selection policy under different probabilities settings.

A further improvement is the adoption of option valuation for candidate drugs.

This takes into account the uncertainty in the future incometo be generated from

the new drug by allowing it to fluctuate according to a jump-diffusion process,

where obsolescence and catastrophic events that may suddenly reduce the value

of the project are modelled as Poisson jumps. It also allows the option of not pro-

ceeding to clinical trials when the estimated income turns out to be smaller than

anticipated.

These additional features3 have been incorporated into the current version of

the OPRRA software. Two standard capital budgeting investment criteria are sug-

gested for evaluating the profitability of research projects and to guide resource

allocation decisions in OPRRA. These are the project’sprofitability index(PI) and

its internal rate of return(IRR). These criteria require a complete accounting of

costs, and put pressure on actively reducing them. They alsolead to a more ef-

ficient allocation of resources and can take into account thesequential nature of

the decisions concerned. Their use should lead to disciplined funding decisions

at every major stage and ensure that money is spent only on themost attractive

projects. The purpose of the OPRRA software is to assist pharmaceutical compa-

nies in taking decisions which improve profitability on CD selection and on rates

of resource allocation during pre-clinical pharmaceutical research. Pre-clinical

research is very different from clinical trials, on which there is a huge literature.

Two of the important differences are that it mainly involveschemists and biolo-

gists rather than clinicians, and that there are fewer regulatory constraints on how

3Apart from the option valuation model, which will be built into OPRRA in due course.
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it is conducted. OPRRA focuses on this relatively unstructured area. It should

be used as an aid to inform the periodic meetings at which pre-clinical research

projects are selected and prioritized (OPRRA user-guide, Gittins et al., 2011a).

1.5 Contents Overview

In the next chapter we introduce some aspects of the OPRRA model which are

prerequisite to what is discussed in chapter 3. These include project stages, prob-

abilities, the expected values of successive candidate drugs, and profitability cri-

teria.

Chapter 3 introduces the forwards induction approach to CD selection prob-

lems in pharmaceutical research. We consider two selectionproblems, one of

which is the simplified problem where we restrict our choice of CDs to only one

LS. We show in section 3.2 that a forwards induction policy isoptimal for this

restricted case. The properties of FI policies in the more general problem are dis-

cussed in section 3.3. This chapter is based on a paper (Qu andGittins, 2011)

which is to be published inAdvances in Applied Probability. The paper also in-

cludes some of the material from chapter 7.

Chapter 4 gives more detailed modelling of the OPRRA model. The work-

rate/progress relationship, discounting and obsolescence are discussed. The var-

ious classes of allocation policy are summarized, togetherwith a detailed intro-

duction to the(s, n) class of CD selection policies. Finally, new features that have

been added to OPRRA are described at the end of this chapter.

The feedback which comes in the form of the record of successes and fail-

ures of a project in the successive stages of discovery, and in the similar records

for candidate drugs in each phase of clinical trials, is included in an adaptive

probabilities model introduced in chapter 5. This model provides a means for in-

corporating learning from a research project’s progress todate into the planning

process. The assumptions of the model are described in section 5.1. We then

explain how to estimate the hyper-parameters of the prior distributions in section

5.2. Finally in section 5.3 we discuss how FI policies can be implemented in this
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adaptive probabilities setting.

Chapter 6 discusses the option valuation approach in evaluating pharmaceu-

tical R&D investment opportunities. It exploits an analogywith the theory of

options in financial markets which permits a much richer dynamic framework

than was possible with the traditional theory of investment. A general overview

of the theory of real options and its application in R&D decision making is given

in section 6.1. The real options model is formulated in section 6.2, where we as-

sume that the value of a new drug is affected by both economic uncertainty and

the discontinuous arrivals of rare events from distinct sources. The option value

of whether to proceed to clinical trials is calculated. The incorporation of this

option value in the calculations of profitability for different CD selection policies

is discussed in section 6.3 .

Chapter 7 provides some results comparing the various optimization proce-

dures employed by OPRRA to optimize the profitability index.Conclusions aris-

ing from the results are drawn and commented on. Recommendations on the use

of OPRRA are then given based on these findings.

OPRRA has been designed to find a resource allocation plan which maxi-

mizes the profitability of a pre-clinical research project.To understand how the

various parameters affect profitability and the possible interactions between them,

a thorough sensitivity analysis on the OPRRA parameters hasbeen carried out in

chapter 8. It turns out that interactions between parameters are weak, and out-

comes are determined predominantly by a small subset of parameters.

Finally, chapter 9 offers some general conclusions and key findings, and out-

lines possible future extensions and alternative models.
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Stages, Probabilities, Rewards and

Costs

In this chapter we introduce some preliminary modelling of OPRRA which is

prerequisite to the forwards induction model we are going todiscuss in the next

chapter. More detailed modelling follows in chapter 4, which together with this

chapter completes the account of the OPRRA model.

2.1 Stages of Drug Discovery

As described in section 1.2 , the process of drug discovery ismodelled by five

successive stages.

1. Before screening.

2. Looking for an LS.

3. Looking for a backup LS.

4. Optimizing an LS to find a CD.

5. Looking for a backup CD from an LS which has already provided one or

more CDs.
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Stages1 and 2 are only carried out once and the project stops if either of

them is unsuccessful. The probability that stagei reaches a successful conclusion,

given the successful completion of the relevant earlier stages, we write aspi (qi =

1− pi), i = 1, 3, 4, 5.

The search for LS may produce more than one LS; we model this bydefining

p2j = P(stage2 producesj LS | stage1 is successful),(j = 1, 2), (q2 = 1 −
p21 − p22). To limit the complexity of our model we restrict the possibility of

more than two LS being discovered to the casej = 2, and do not explicitly model

the possibility that a single application of stage3 may produce more than one

LS. Reasonably realistically we also assume thatp5 = 1.0; this means that if we

choose to look for backup CDs we can find as many as required.

On successful completion of stage2 or stage3, stages3 and4 are both possi-

ble continuations. We assume that the continuation at this point includes stage4,

and that stage3 also proceeds, simultaneously, unless either there has been an ear-

lier failure at stage3 or the decision has been taken not to seek further insurance

LS. Stages3, 4 and5 can be repeated as often as necessary, except that if stage

3 fails we assume that it is not repeated, for the reason that any repetition would

also result in failure. When stages3 and4 proceed in parallel we assume that ef-

fort is divided between the two stages so that they finish at the same time. This is

reasonably realistic as it ensures that if we want to repeat stage4 with another LS

there is an LS available. Otherwise all stages are assumed tooccur sequentially

and in numerical order.

For each stage we have a fixed allocationui, measured in terms of the num-

ber of senior-scientists, and a fixed durationti, (i = 1, 2, 3, 4, 5). However, the

time required to complete stage 4, given that a first LS has already been success-

fully optimized, isρt4 (0 < ρ < 1). An estimate is required forα, the cost per

senior scientist per year. An important aspect of the overall resource allocation

problem is to choose suitable values for the stage allocationsui. The role of the

effectiveness function governing the relationship between the values ofui andti
is discussed in section 4.1.
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2.2 Clinical Trials and Beyond

For clinical trials we assume that CDs succeed or fail independently, and that the

success probabilities conditional upon successful completion of previous phases

are the same for different CDs. Let

pI = P (a CD is successful in phaseI),

pII = P (a CD is successful in phaseII | success in phase I),

pIII = P (a CD is successful in phaseIII | success in phasesI andII),

andqJ = 1− pJ , J = I, II, III.

The costs and durations for phaseJ arecJ andtJ , respectively,J = I, II, III.

We do not consider variations in either the design of clinical trials or in the allo-

cation of resources to them.

An estimate is also required forW , the expected net present value of the first

new drug from the project which completes phaseIII trials successfully. This is

the total expected discounted value of all the cash flows attributable to the new

drug if it was available immediately for production.

Since the value of a future sum of money is lower than that of the same sum of

money available immediately, an exponential discount rateγ will be used to cal-

culate the expected present value of future expenditure. Weassume that sums of

money are measured with the effect of inflation removed, thusrepresenting actual

purchasing power, and defineγ to be the discount rate for money in real terms,

corresponding to the weighted average cost of capital (WACC) for the company.

Thus the present value of£eγt which becomes available aftert years is£1.

With discount rateγ, the cost in scientist years of employingu scientists for

t years is
∫ t
0
ue−γsds = u

γ
(1 − e−γt). Given that the cost per scientist per year is

α, defineKi = αui
γ
(1− e−γti) as the total cost of stagei, i = 1, 2, 3, 4, 5.

For income there is additional discounting due toobsolescence. Definitions

and detailed explanation for different types of obsolescence rates are set out in

section 4.2. Denote byγ1 (> γ) the discount rate including obsolescence. The

expected value of the new drug is discounted at the rateγ1 whereas the expected

expenditure is discounted at the rateγ.
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2.3 The Expected Values of Successive Candidate Drugs

The expected values of any second or subsequent candidate drugs from the project

depend on the sequence of lead series from which they are selected. To set out

this part of our model we first define some notation, as follows.

• U : the therapeutic target,

• Si: theith available LS (i = 1, 2, . . . ),

• Dij : thejth CD fromSi (i, j = 1, 2, . . . ),

• Jij : the event{Dij passes successfully through phaseJ trials} (J = I, II,

III).

There are two versions of this part of the model: afixed probabilities(FP)

version, and anadaptive probabilities(AP) version, for which the success proba-

bilities for the various stages and phases change during theproject in response to

the record to date of successes and failures. Chapter 5 discusses the AP version,

whereas the rest of the thesis is concerned with the FP version.

Model FP

A goodLS is an LS from which it is possible to get a successful CD. A CDis

successfulif it passes through clinical trials and becomes marketable. Different

LS are good or bad independently and with the same probability conditional on

the target being achievable. CDs are successful or unsuccessful independently and

with the same probability conditional upon them coming fromgood LS.

Define:

• A: the event{the targetU is in principle achievable},

• Bi: the event{Si has no systematic defect which makes it impossible to

reach the targetU}, or in brief{Si is good},

• Cij : the event{Dij passes successfully through phasesI, II andIII trials},

note that this means thatCij = IIIij .

27



Chapter 2 Stages, Probabilities, Rewards and Costs

We assume that, for alli, j,m, andn, the following conditions hold.

P (Bi|Ā) = P (Cij|B̄i) = 0.

Bi,Bj are independent, givenA, with P (Bi|A) = P (Bj|A) (i 6= j).

Cij ,Cmn are independent, givenBi,Bm, withP (Cij|Bi) = P (Cmn|Bm) ((i, j) 6=
(m,n)).

P (IIij|Īij) = P (IIIij|II ij) = 0.

Iij andIIij are independent of A andBi conditional onIIIij not occurring.

We definepa = P (A), pb = P (Bi|A), pc = P (Cij|Bi) = P (IIIij|Bi). Writing p

for the probability a CD successfully completes all three phases of clinical trials,

it follows thatp = papbpc = pIpIIpIII . Input values are required forpI , pII , pIII ,

pa andpb, allowingpc to be calculated.

Note that in the fixed probabilities model we do not allow feedback from

clinical trials, and therefore at the time that a CD is selected we do not know

whether it, or any previously selected CD, is from a good or a bad LS.

The additional expected present value of any second or subsequent new drug is

smaller thanW because of competition from the first new drug, and any others

which are earlier. We assume that the additional expected present value of the

nth new drug from a project isλn−1W (0 < λ < 1). The factorλ is called the

sequential discount parameter.

The following proposition is proved in Charalambous and Gittins (2008).

Proposition 2.1. The additional expected value of a subsequent CD conditional

on the set of previously selected CDs ispWE[ηm|A], whereη = 1−(1−λ)pc, and

m = number of earlier CDs which are either from the same LS, or from another

LS which is good.

For example, if previous CDs have been from LS 1, 2, and 3, fromwhich 2,

3 and 4 CDs, respectively, have previously been selected, and the present CD is

from LS 2, thenP (m = 3) = (1 − pb)
2, P (m = 5) = P (m = 7) = pb(1 − pb),

P (m = 9) = p2b .

Model AP

Uncertainty about the probabilitiesp3 and p4 is expressed by prior probability

distributions. These are converted into posterior distributions by Bayes theorem
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as stages3 and4 are completed, either successfully or unsuccessfully, andhence

the posterior expectations ofp3 andp4 may be calculated. Note that forp1, p21,

and p22 there is no need to include Bayesian learning in this way because the

corresponding events occur just once.

In this model the success probabilities for clinical trialsvary between lead

series. We definepIi = P (Iij), pJi = P (Jij|Kij), (J = II, III;K = J − 1).

For LSSi the success probabilitypJi of CDsDij (i, j = 1, 2 . . . ; J = I, II, III)

is drawn from a beta distribution with the parameters(fJuJ , fJ(1 − uJ)). The

parameterfJ is known anduJ has a beta prior distribution with the parameters

(rJmJ , rJ(1 −mJ )) (J = I, II, III). With this hierarchical Bayes structure the

posterior expectation forpJi may be calculated, as described by Consonni and

Veronese (1995). In Model AP the eventsA andBj are not modelled. This avoids

considerable further complexity in the model, and is not tooserious as Model AP

is itself a way of representing the different characteristics of different LS.

2.4 Profitability Criteria

OPRRA is based on two alternative criteria for profitability, as follows.

• Profitability Index(PI) = E[R]/E[C],

whereE[R] = expected discounted reward, andE[C] = expected discounted cost.

This is one of the standard criteria for the profitability of investment projects (see,

for example, Brealey and Myers, 2000). The PI is a reward rate, and may be

defined for a CD, or for an LS, as well as for the project as a whole. A portfolio of

projects with high PI values leads to a high value for the total expected reward, or

net present value (NPV), when the total capital available for investment is limited.

Our focus is on the efficient use of resources before clinicaltrials start. For that

reasonE[R] is calculated after subtraction of the expected costs of clinical trials,

and only the costs incurred before clinical trials start areincluded inE[C].

• Internal Rate of Return(IRR).
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This is the value of the exponential discount rateγI for which E[R] − E[C] is

equal to zero. In this calculationγI is allowed to vary, rather than being set equal

to the cost of capital. As its name indicates, IRR is a measureof the average rate

at which capital grows within a project or portfolio of projects. Since our goal is

to improve resource allocation during discovery rather than during clinical trials,

the variable discount rateγI is applied only to the pre-clinical stages of a project;

during clinical trials discounting is with WACC.

Profitable projects are those for which PI> 1.0 and IRR>WACC, which are

almost equivalent statements.

The profitability index is easier to calculate than the internal rate of return.

Consequently solution algorithms are more fully developedfor PI than for IRR.

The FI policies which we introduce in the next chapter are a class of policies

which select CDs according to their PI.
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Chapter 3

A Forwards Induction Approach to

Candidate Drug Selection

A forwards induction policy is a type of greedy algorithm first proposed by Gittins

(1979) (also see Gittins et al., 2011b) for discounted Markov decision processes

(MDPs). FI policies are straightforward to implement, and are optimal for a large

class of models, especially in stochastic resource allocation. They are discussed

in detail by Glazebrook and Gittins (1993) and Glazebrook (1995).

In this chapter we investigate the application of FI policies to the selection of

CDs in pharmaceutical research. The measure which we shall use for profitability

is the profitability index. The algorithms considered in this chapter seek to max-

imize the PI for the project. In all cases the expectations are conditional on the

previous history of the project. Although our setup is not a discounted MDP, we

shall proceed to use PI as the basis for defining FI policies. We shall show that FI

policies are optimal for the simplified selection problem inwhich CDs are to be

selected from at most one LS. Although FI policies are not always strictly opti-

mal without the restriction, we shall see in chapter 7 that they still perform well.

All algorithms described in this chapter are implemented inOPRRA. Numerical

examples of FI policies are given in chapter 7, together withcomparisons of the

performance of the various plausible policies.

This chapter is based on a paper which will appear inAdvances in Applied
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Probability (Qu and Gittins, 2011).

3.1 FI Policies

We begin by defining some terminology. Adecision pointis a point at which a

decision must be taken either to look for a CD to send to clinical trials, in which

case we must also decide on the LS from which to look for a CD, orto stop.

The youngestLS is the LS from which the minimum number of CDs have been

selected.PI(CD) is the PI for an additional CD from the youngest already opti-

mized LS, conditional on the set of previously selected CDs.PI(LS) is the PI for

starting a new LS, conditional on the set of previously selected CDs.PI(Proj)

is the PI for the project as a whole, maximized over all selection policies.

There are two versions ofPI(LS), depending on whether stage3 is to be run

alongside stage4. Choosing between them involves evaluating PI over the CDs

chosen from two successive LS. The simpler version, withouta concurrent stage

3, is the PI for the LS up to the numberk of CDs which gives the maximum PI;

k has the property that thekth CD is the last CD from the LS for which the PI

is higher than the PI for the whole LS up to that point. A full description of the

calculations ofPI(CD) andPI(LS) is given in Appendix B.

In an FI policy, the sequence of CDs sent for clinical trials is determined with

reference to areference PI, PI(ref). The purpose of the reference PI is that it

works as an approximation to the optimal PI for the project, and therefore screens

out CDs and LS which are likely to reduce the overall PI. FI policies are more

flexible than(s, n) policies, and might be expected to perform better for suitable

values ofPI(ref).

The FI selection algorithm is as follows.

FI Algorithm

1. Decide a reference PI,PI(ref).

2. At each decision point, comparePI(CD), PI(LS), andPI(ref).
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3. • If PI(CD) is the biggest, take an additional CD from the youngest

optimized LS and go back to step 2.

• If PI(LS) is the biggest, optimize a new LS.

(a) If the attempt to find a CD in this LS is successful take the PI-

maximizing number of CDs from this LS, then go back to step

2.

(b) If the attempt is not successful, go back to step 2.

• If PI(ref) is the biggest, stop.

3.2 FI for the Simplified Problem

In this simplified problem, we allow CDs to be selected from atmost one LS.

We also assume thatp22 = 0 and that whenever stage 4 is carried out stage 3

is carried out in parallel. This is for simplicity. The algorithm whose properties

are described in chapter 7 ensures that stage 3 is only carried out if there is a

possibility that the resulting LS will be used.

The forwards induction algorithm proceeds as before exceptthat after the first

LS to be successfully optimized there is no longer the optionto optimize a new

LS. The main conclusion of this section is that for this modified problem FI is

optimal. We start with some further simplified problems and solution algorithms

which provide useful building blocks.

Note that in the notation that follows in this section,|S| denotes the cardinal-

ity of the setS (i.e, the number of members of S).S + x is a short hand notation

for S ∪ {x}, andS − x is a short hand notation forS\{x}.

3.2.1 Infrastructure

Problem 3.1. For j = 1, 2, . . . , let rj be real numbers andcj be positive real

numbers and letqj =
rj
cj

, whereqj ≥ qj+1 whenj > 1. DefineR(k) =
∑k

j=1 rj,

C(k) =
∑k

i=1 cj , Q(k) = R(k)
C(k)

, Q = supkQ(k). The problem is either to show
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thatQ ≤ 0 or to findk such thatQ(k) = Q.

The following proposition on ratios of real numbers is the key to solving this

and similar problems.

Proposition 3.1. (a) For real numbersx1, x2, y1, y2 with y1 > 0 andy2 > 0, the

following three statements are equivalent:x1
y1
< x2

y2
, x1
y1
< x1+x2

y1+y2
, and x1+x2

y1+y2
< x2

y2
.

(b) The same is true with< replaced by= throughout, or by≤.

Proof. (a) Assumex1
y1
< x2

y2
, so thatx1y2 < x2y1. Addingx1y1 to both sides of

this inequality we getx1y2+x1y1 < x2y1+x1y1 and hencex1
y1
< x1+x2

y1+y2
. Similarly,

addingx2y2 to both sides of the inequality instead ofx1y1 gives usx1+x2
y1+y2

< x2
y2

.

Now assumex1
y1
< x1+x2

y1+y2
, thusx1y1 + x2y1 < x1y1 + x1y2, so thatx2y1 < x1y2

and thusx1
y1
< x2

y2
. A similar proof shows that this also follows from the inequality

x1+x2
y1+y2

< x2
y2

, and so the three original inequalities are equivalent.

(b) The proofs are almost identical.

For problem 3.1 there is a straightforward solution algorithm, as follows from

lemmas 3.1 and 3.2.

Lemma 3.1. For problem 3.1, ifqk+1





>

=

<




Q(k) for somek, thenQ(k +

1)





>

=

<




Q(k).

Proof. If qk+1 > Q(k), then rk+1

ck+1
> R(k)

C(k)
. Using proposition 3.1(a),rk+1+R(k)

ck+1+C(k)
>

R(k)
C(k)

, henceQ(k + 1) > Q(k). The other two parts of the lemma also follow, in

similar fashion, from proposition 3.1.

Lemma 3.2. Consider problem 3.1.

(i) There is at most onek for whichqk ≥ Q(k) > qk+1. For thisk,Q(k) = Q.

(ii) If Q > 0 andqj < 0 for somej then there is ak with the above property.

(iii) If, for somek,Q(j) ≤ 0, 1 ≤ j ≤ k, andqk+1 ≤ 0, thenQ ≤ 0.
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Proof. If qk+1 ≥ Q(k), thenQ(k + 1) ≥ Q(k). So either(a) qk+1 ≥ Q(k), and

Q(k+1) ≥ Q(k) ∀ k, or (b) ∃m such thatqm+1 < Q(m), in which case we define

k to be the smallest suchm. In case(b) it follows that qn+1 ≥ Q(n) ∀ n < k,

andqk+1 < Q(k). The first of these statements implies thatQ(n + 1) ≥ Q(n)

∀ n < k. From the second statement it follows from lemma 3.1 thatqk+1 <

Q(k + 1) < Q(k). This in turn implies thatqk+2 < Q(k + 1), and hence that

qk+2 < Q(k + 2) < Q(k + 1), and the argument extends by induction onn to

show thatqn+1 < Q(n + 1) < Q(n), ∀ n > k.

It follows that in case(a) limk→∞Q(k) = Q, and in case(b) Q(k) = Q. For case

(b) it is straightforward to check that the chosenk is the unique value described in

the statement of the lemma. In case(a) there is nok for whichqk ≥ Q(k) > qk+1,

and part(i) of the lemma is proved. For part(ii) of the lemma note that under the

given conditions it is impossible thatQ(k+1) ≥ Q(k) ∀ k, and therefore case(a)

does not occur. Part(iii) of the lemma follows from proposition 3.1 and the fact

thatqj ≥ qj+1, j > 1.

From lemma 3.2, and with the additional assumption thatqj < 0 for somej,

it follows that problem 3.1 may be solved by algorithm 3.1.

Algorithm 3.1. Compute in successionQ(k), k = 1, 2, . . . , stopping either when

qk ≥ Q(k) > qk+1, in which caseQ(k) = Q, or whenQ(j) ≤ 0, 1 ≤ j ≤ k, and

qk+1 ≤ 0, in which caseQ ≤ 0.

The following variants of problem 3.1 are also of interest.

Problem 3.1I. For x ∈ the finite index setI, which includes1, let rx be a real

number,cx be a positive real number, and letqx = rx
cx

. LetS denote a subset of

I, R(S) =
∑

x∈S rx, C(S) =
∑

x∈S cx, Q(S) = R(S)
C(S)

andQ = maxS∈U Q(S),

whereU = {S ⊂ I, 1 ∈ S}. The problem is to findS ∈ U such thatQ(S) = Q.

Problem 3.1W. This is the same as problem 3.1I except that the class of index

subsetsU is replaced by a sub-classW ⊂ U .

Problem 3.1V. The definition is motivated by the following two lemmas. In these

lemmasV denotes the class of index subsets of the form{x : qx > ξ}+1 for some

ξ.
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Lemma 3.3. For anyS ∈ U\V ∃ S ′ ∈ U , such that eitherQ(S
′

) > Q(S) or

Q(S
′

) = Q(S) and|S ′| = |S|+ 1.

Proof. SupposeS ∈ U\V . Then∃x ∈ S − 1 andy ∈ I\S such that at least one

of the following statements is true.

(i) qy > qx ≥ Q(S). (ii) qy > qx < Q(S). (iii) qy = qx > Q(S). (iv)

qy = qx < Q(S). (v) qy = qx = Q(S).

In cases(i) and(iii), let S
′

= S + y. In cases(ii) and(iv), let S
′

= S − x. In

all these cases it follows from proposition 3.1 thatQ(S
′

) > Q(S). In case(v), let

S
′

= S + y and we haveQ(S
′

) = Q(S) and|S ′| = |S|+ 1.

Lemma 3.4. For anyS ∈ U ∃ S ′ ∈ V , withQ(S
′

) ≥ Q(S).

Proof. We shall suppose the converse of the lemma and show that this leads to

a contradiction. Thus supposeS ∈ U and∄ S
′ ∈ V with Q(S

′

) ≥ Q(S), so

that in particularS 6∈ V . From lemma 3.3 it follows that∃ S1 ∈ U such that

eitherQ(S1) > Q(S) orQ(S1) = Q(S) and|S1| = |S| + 1. By our assumption

S1 6∈ V , so again applying lemma 3.3 it follows that∃ S2 ∈ U such that either

Q(S2) > Q(S1) or Q(S2) = Q(S1) and|S2| = |S1| + 1. Again, by assumption

S2 6∈ V , and the argument may be repeated to define an infinite sequence with no

repeatsSo(= S), S1, S2, . . . such thatSτ ∈ U\V ∀ τ . However this is impossible

as the index setI is finite, as is therefore the class of subsetsU . This completes

the proof of the lemma.

It follows from lemma 3.4 that if W is a class of subsets ofI with V ⊂
W ⊂ U thenmaxS∈W Q(S) = maxS∈V Q(S) = Q. Problem 3.1V is the same as

problem 3.1W with the restriction thatW ⊃ V .

Problems 3.1I and 3.1V may be transformed into problems of the form of

problem 3.1, as follows. For each triple(rx, cx, qx) change the indexx to one of

the first|I| integers, leaving the values of the triple unchanged, with the new index

values chosen so thatr1, c1 andq1 are unchanged andqi ≥ qi+1, i > 1. Let qi be

large and negative fori > |I|. To complete the solution we carry out algorithm

3.1, and then reverse the index value changes.
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The next step in this sequence of preliminary problems is to introduce a sec-

ond subscript, which allows us to model different lead series.

Problem 3.2. For (i, j = 1, 2, . . . ), let rij be real numbers,cij be positive real

numbers,qij =
rij
cij

, whereqi1 > qi+1,1 for i > 1 , qij > qij+1 for (i, j) 6= (1, 1),

qi1 → q < 0 asi→ ∞, andqij → qi < 0 asj → ∞ ∀ i.
DefineRi(k) =

∑k
j=1 rij , Ci(k) =

∑k
j=1 cij , R(k1, k2, . . . , kn) =

∑n
i=1Ri(ki),

C(k1, k2, . . . , kn) =
∑n

i=1Ci(ki),Q(k1, k2, . . . , kn) =
R(k1,k2,...,kn)
C(k1,k2,...,kn)

,

Q = supAQ(k1, k2, . . . , kn), whereA = {n > 0; ki > 0, i = 1, 2, . . . , n}.

The problem is either to show thatQ ≤ 0 or to findn∗, k∗1, k
∗
2, . . . , k

∗
n∗ such that

Q = Q(k∗1, k
∗
2, . . . , k

∗
n∗).

Lemma 3.5. Problem 3.2 may be regarded as an example of problem 3.1V, with

the index pair11 in place of1.

Proof. To establish this equivalence we first note that, except thatthe index set

I = {ij : 1 ≤ i, j} is infinite, problem 3.2 is equivalent to problem 3.1W, with11

(to be read as ‘one-one’ rather than as ‘eleven’) in place of1, andW defined by the

constraints that ifS ∈ W andij ∈ S thenk1 ∈ S ∀ k ≤ i, andil ∈ S ∀ l ≤ j. To

show that problem 3.2 is also an example of problem 3.1V (except for the infinite

index set) we need to show that for anyξ the index subsetSξ = {ij : qij > ξ}+11

belongs to the sub-classW .

For any givenξ this is trivially true if qij ≤ ξ ∀ ij 6= 11. Suppose that

ij ( 6= 11) ∈ Sξ, so thatqij > ξ. It is sufficient to show thatqxy ≥ qij for

every index pairxy which∈ Sξ becauseij ∈ Sξ, and because of the constraints

definingW . If i = 1 we need to show that1k ∈ Sξ, 1 ≤ k ≤ j. This is true

since11 ∈ Sξ and q12 ≥ q13 ≥ · · · ≥ q1j > ξ. If i > 1 we need to show

that k1 ∈ Sξ, k ≤ i, andil ∈ Sξ, l ≤ j. Again this is true since11 ∈ Sξ and

q21 ≥ q31 ≥ · · · ≥ qi1 ≥ qi2 ≥ · · · ≥ qij > ξ.

To solve problem 3.2 our task is either to show thatQ ≤ 0, which means to

show there is noS ∈ V with Q(S) > 0, or to construct the setS of index pairs

which maximizesQ(S) for S ∈ V . For these purposes any index pairij ( 6= 11)

for which qij ≤ 0 may be excluded. This is because ifQ(S) > 0 for some index

setS thenQ(S + ij) < Q(S). We also need to note that the restraints onW do
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not cause the exclusion ofij to necessitate the exclusion of any index pairxy for

which qxy > 0.

Finally we note that it follows from the inequalities satisfied byqij , qi andq

that the number of index pairsij for which qij > 0 is finite. This means that in

excluding every index pairij ( 6= 11) with qij ≤ 0 we reduce the problem to one

with a finite index set, and therefore to an example of problem3.1V , completing

the proof of the lemma.

Thus we have the following algorithm for solving problem 3.2.

Algorithm 3.2. (i) Reduce the index set to the finite setI consisting of index pairs

ij with qij > 0 plus the pair11.

(ii) Transform the resulting problem 3.1V into the form of problem 3.1 by chang-

ing the index set.

(iii) Use algorithm 3.1 to solve the resulting problem 3.1.

(iv) If Q ≤ 0 for problem 3.1 the same is true for problem 3.2.

(v) If Q > 0 for problem 3.1, the same is true for problem 3.2, and we may reverse

the index set changes to obtain the maximizingn∗, k∗1, k
∗
2, . . . , k

∗
n∗ for problem 3.2.

3.2.2 Solution to the Simplified Problem

Returning to our candidate drug selection problem, note that by restricting the

selection of CDs to at most one LS at each decision point we have ensured that

there is at most one way in which a project may be continued. After stages1

and2, this is by carrying out stages3 and4 in parallel if there has not yet been

a successful stage4 or failure at stage3, and by selecting a new CD from the

current LS if there has been a successful stage4. The two possible continuations

are never both available.We recall that: stage3 is a search for an additional LS

and maybe carried out repeatedly until at some point it fails, after which it may

not be repeated; stage4 is the attempt to find a first CD in an LS, and is successful

with probabilityp4, after which as many CDs as required may with certainty be

found in the same LS.

With the above restriction we can write down formulae for theexpected re-
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ward (after subtracting the cost of clinical trials) and expected cost (before clinical

trials) for each successive CD to be selected. Definerij, cij andqij =
rij
cij

to be

the expected reward, expected cost and PI for thejth CD selected from LSi. It

is a consequence of the fact that there is an unique sequence of events leading to

the selection of thejth CD from LSi that the unconditional expected reward and

cost are the same as the expected reward and cost conditionalon previous history,

apart from a common factor. We may therefore, and we shall, define rij andcij to

be unconditional expectations without changing the value of qij . The reason for

the overlaps of notation with problem 3.2 will soon become clear.

From the description given in chapter 2 it follows that

rij = p1p21(p3q4)
i−1p4[pWe−γ1(t1+t2+it4+(j−1)t5+tI+tII+tIII)ηj−1

−e−γ(t1+t2+it4+(j−1)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)], i, j ≥ 1;

and that

cij =





K1 + p1e
−γt1K2 + p1p21e

−γ(t1+t2)(K3 +K4), i = j = 1;

p1p21(p3q4)
i−1e−γ(t1+t2+(i−1)t4)(K3 +K4), i ≥ 2, j = 1;

p1p21(p3q4)
i−1p4e

−γ(t1+t2+it4+(j−2)t5)K5, ∀ i, andj > 1.

With rij and cij as above, and using the fact thatγ1 > γ, it is easy to check

that all the assumptions of problem 3.2 hold, except that it is not necessarily true

that qi1 > qi2, i > 1. We shall use all the notation for problem 3.2 to refer also

to our CD selection problem, which we shall call problem 3.3.A deterministic

CD selection problem, for example, may be expressed in the form of a sequence

A = {n > 0; ki > 0, i = 1, 2, . . . , n}.

A deterministic policy is one for which the decision whetherto continue or

to stop depends deterministically on the number of LS which we have so far tried

to optimize, and on the number of CDs so far selected. We couldalso consider

randomized CD selection policies, for which each continue/stop decision is deter-

mined randomly. However it is an easy consequence of proposition 3.1 that if the

maximum PI for a project is attainable then it is attained by adeterministic policy.

As for problems 3.1 and 3.2 we shall present an algorithm for problem 3.3

which either shows thatQ ≤ 0, so that no CD selection policy produces a positive
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PI, or finds a CD selection policyA which attains the optimum PI. As for problem

3.2, our task is to maximizeQ(S) over the allowed setsS of index pairs. Each

included index pairij now corresponds to the selection of thejth CD from LSi.

As for problem 3.2 we may exclude fromS any index pairij (j > 1) with

qij ≤ 0. By a similar argument we may exclude any index pairi1 (i > 1) if

qi1 ≤ 0 andqi2 ≤ 0. These exclusions mean that we have again reduced the index

set to a finite set. However there remains the possibility that qi1 ≤ qi2 > 0, unlike

problem 3.2, so we have not yet reduced the problem to an example of problem

3.1V .

To proceed further we next note that for any LSi the conditions for problem

3.1 are satisfied with(ri, ci, qi) = (rij , cij, qij) andQ(k) = Qi(k) = Ri(k)/Ci(k),

the PI for LSi whenk CDs are selected. Alsoqij < 0 for large j. We may

therefore use algorithm 3.1 to either findk∗∗i such thatQ(k∗∗i ) = supkQi(k),

which we denote byQi, or show thatQi ≤ 0. Note that it follows from the

definitions thatQi(k) > Qi+1(k), i > 1 and∀ k, and hence thatQi > Qi+1. Note

too that since the number ofij pairs for whichqij > 0 is finite it follows that

Qi > 0 for at most a finite set ofi values.

Since the class of allowed setsS is finite, if Q > 0 ∃ n, k1, k2, . . . , kn (all

> 0) such thatQ = Q(k1, k2, . . . , kn). We definen∗, k∗1, k
∗
2, . . . , k

∗
n∗ to be chosen

in that order to be the largest values ofn, k1, k2, . . . , kn for which this is true. To

further simplify problem 3.3 we shall use the following lemma.

Lemma 3.6. k∗i ≥ k∗∗i , 2 ≤ i ≤ n∗.

Proof. Note first thatQn∗(k∗n∗) ≥ Q. If Qn∗(k∗n∗) < Q it follows from the fact

thatQ(k∗1, k
∗
2, . . . , k

∗
n∗) = Q thatQ(k∗1, k

∗
2, . . . , k

∗
n−1∗) > Q, using proposition

3.1(a), which contradicts the definition ofQ. ThusQn∗(k∗n∗) ≥ Q.

Now suppose thatk∗i < k∗∗i and1 < i ≤ n∗. We have

qik∗i +1 ≥ Qi(k
∗∗
i ) ≥ Qn∗(k∗∗n∗) ≥ Qn∗(k∗n∗) ≥ Q.

The first inequality follows from proposition 3.1 and the definition of k∗∗i . The

second inequality is equivalent toQi ≥ Qn∗, which is true sinceQi is a decreasing

function of i for i > 1. The third inequality is by the definition ofk∗∗n∗. Thus
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qik∗i +1 ≥ Q, so thatQ(k∗1, k
∗
2, . . . , k

∗
i + 1, . . . , k∗n∗) ≥ Q. This contradicts the

assumed maximality ofk∗i and completes the proof.

Now note that it follows from proposition 3.1(a) and the definition of Qi that

Qi ≥ qik∗∗i +1. It thus follows from lemma 3.6 that problem 3.3 may be transformed

into an equivalent problem in the form of problem 3.2 as follows:

r′1j = r1j , c′1j = c1j , q′1j = q1j , ∀ j;
r′i1 = Ri(1, 2, . . . , k

∗∗
i ), c′i1 = Ci(1, 2, . . . , k

∗∗
i ), q′i1 =

r′i1
c′i1

, and the index pairij is

replaced byi(j − k∗∗i + 1), i > 1 andj > k∗∗i .

We can now write down an algorithm which solves problem 3.3.

Algorithm 3.3. (i) Use algorithm 3.1 to computek∗∗i andQi, i = 2, 3, . . . , stop-

ping whenQi < 0, at which point setn∗∗ = i− 1.

(ii) For all index pairsij with i > n∗∗ replaceqij by−M , whereM is large.

(iii) Transform the problem into one of the form of problem 3.2 as just described.

(iv) Use algorithm 3.2 to solve the resulting problem 3.2.

(v) Express the solution in terms of the index set for problem 3.3.

We conclude section 3.2 by noting that the output from algorithm 3.3 defines

the decision to be taken at each decision point in the procedure for selecting can-

didate drugs, and that the policy defined in this way is equivalent to an FI policy

with PI(ref) = Q, the optimal PI for the project under the restrictions of this

section.

3.3 FI for the General Problem

In the general selection problem, CDs are to be selected froman unrestricted

number of LS and as a result the expected reward and expected cost for each

successive CD to be selected are no longer defined by a deterministic sequence of

successively selected CDs as they were in the simplified problem.

Unlike the restricted problem considered in the previous section it is not in

general true to say that an FI policy is itself an optimal policy. This is shown by

a counter example. Lemma 3.7, on the other hand, provides encouragement for
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the view that FI policies may be close to optimal, while lemma3.8 narrows the

choices which need to be considered at each step in an FI policy.

Let rij andcij now be the expected reward and cost from thejth CD in LS i,

conditional on the set of previously selected CDs. Note thatthis is different from

section 3.2, where our notation referred to unconditional expectations. Hererij
andcij are random variables depending on time, and on the numbers ofCDs from

previous LS. Lett denote the time at which thejth CD from LSi is selected.

Counter Example. This shows that ifPI(CD) = PI(LS) > PI(ref) =

PI(Proj) at a decision pointP in an FI policy it does not in general follow

that taking an additional CD and trying to optimize a new LS are both decisions

leading to the overall maximum PI value for the project,PI(Proj).

Proof. Let a andb be the expected reward and cost for the additional CD, and let

A andB be the expected reward and cost for the new LS. Suppose thata
b
= A

B
.

Let PI(ref) = a
b
− ǫ, whereǫ (> 0) is sufficiently small to ensure that after any

of the three possible ways in which the project might be continued from pointP ,

PI(ref) > max(PI(CD), P I(LS)), so that the project then terminates under an

FI policy. The three possible continuations are

1. an additional CD is chosen from an optimized LS,

2. we try successfully to find a CD from a new LS and then select the number

of backup CDs from that LS which maximizes the PI for that LS,

3. we try unsuccessfully to find a CD from a new LS.

It is easy to construct numerical cases satisfying these conditions.

Let R andC be the expected reward and expected cost under an FI policy,

excluding the contributions which arise after reaching thedecision pointP , and

let θ be the probability that pointP is reached. Thus the overall PI from an

FI policy is (R + θA)/(C + θB) if at P we look for a CD in a new LS, and

(R+ θa)/(C+ θb) if at P we select a CD from an already optimized LS. We have

assumed thatR
C
< A

B
= a

b
, and it therefore follows from proposition 3.1 that if

A > a then(R+θA)/(C+θB) > (R+θa)/(C+θb), completing the proof.
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Lemma 3.7. In a sequence of backup CDs from the same LS the PI is decreasing.

Proof. By definition,qij+1 =
rij+1

cij+1
is the PI for thejth backup CD in LSi. Using

proposition 2.1 we haverij = e−γ1tηjva − e−γtvb, cij = e−γtK5. Here

va = pWe−γ1(t5+tI+tII+tIII)E[ηN ],

N = number of previously selected CDs from good LS other than LSi, and

vb = e−γt5(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII).

Thus the PI for thejth backup CD in LSi is

qij+1 =
rij+1

cij+1

=
e−γ1tηjva − e−γtvb

e−γtK5

=
e−(γ1−γ)tηjva − vb

K5
,

which is a decreasing function inj, j ≥ 1. This completes the proof.

Lemma 3.7 means that within each optimized LS there is no reason for taking

account of the PIs from later CDs when deciding whether or notto select one more

CD. To this extent, then, the forwards induction greedy principle is correct.

Our next lemma reduces the computational complexity of implementing an

FI policy. Recall that by youngest LS we mean an LS from which the minimum

number of CDs have so far been selected.

Lemma 3.8. The expected value of the next CD from an already optimized LSis

maximized by choosing it from the youngest optimized LS.

Proof. It will be sufficient to show that, for any two optimized LS, wewill get a

higher expected value if we choose a CD from the younger LS.

Consider selection from two LS,i andj, at timet. Assume that we have so

far selectedxi CDs from LSi andxj CDs from LSj. Letωij denote the number
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of CDs which have been selected from good LS other thani andj, and let

mi = ωij + xj I(j) + xi,

mj = ωij + xj + xiI(i),

whereI(k) is the indicator random variable for the event{LS k is good}, k = i, j.

Thus, using proposition 2.1, and dropping the condition|A from the notation,

which applies to every expectation in this proof,

rixi+1 = e−γ1tE[ηmi]va − e−γtvb,

rjxj+1 = e−γ1tE[ηmj ]va − e−γtvb,

where

va = pWe−γ1(t5+tI+tII+tIII ),

vb = e−γt5(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII)cIII),

so that

rixi+1 − rjxj+1

e−γ1tva
= E[ηmi ]− E[ηmj ]

= E[ηmi − ηmj ]

= E[ηωij+xj I(j)+xi − ηωij+xj+xiI(i)]

= E[ηωij (ηxj I(j)+xi − ηxj+xiI(i))].

Sinceωij is independent of the events{LS i is good} and{LS j is good}, condi-

tional on the event that the target is achievable, we have

E[ηωij (ηxj I(j)+xi − ηxj+xiI(i))] = E[ηωij ]E[ηxj I(j)+xi − ηxj+xiI(i)],

so that

E[ηxj I(j)+xi − ηxj+xiI(i)] = pbη
xi+xj + (1− pb)η

xi − pbη
xi+xj − (1− pb)η

xj

= (1− pb)(η
xi − ηxj).

This is positive ifxi < xj , sincepb < 1 and0 < η < 1. Hence,rixi+1−rjxj+1 > 0

if xi < xj , as required. This completes the proof.
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Chapter 4

More OPRRA Modelling

This chapter completes the account of the current OPRRA model which we began

in chapter 2. Much of this is the same as the version describedby Charalam-

bous (2009). The main changes from that version are described at the end of this

chapter. The current version of the OPRRA software is written in Visual C++.

4.1 The Work-Rate/Progress Relationship

The model assumes that the time taken to complete each stage in a project is deter-

mined by the number of scientists allocated to that stage. The default assumption

is that the rate of progress is proportional to the number of scientists allocated.

However, there is the possibility that team sizes above somelevel may be rela-

tively inefficient. This can occur because of difficulties ofcommunication, little

space to work, lack of coordination and other reasons which reduce the efficiency

of a very large team.

Define:

• ei(ui) = effectiveness of a team ofui scientists for stagei,

• ei(ui)
ui

= relative efficiency of a team ofui scientists,i = 1, 2, 3, 4, 5.

We also make the following assumptions fori = 1, 2, 3, 4, 5.
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• The amount of effort required to complete each occurrence ofstagei isXi,

except that after the first successful occurrence of stage4 the work required

for a repetition of stage4 is ρX4 , for some0 < ρ < 1. Effort rateui is

measured in terms of the number of senior scientists allocated. Note thatui
does not have to be an integer.

• The timeti required to complete stagei is Xi/ei(ui), whereei(·) is a rate

of effective working function for stagei ; this function takes account of the

fact that the efficiency of a team of scientists depends on itssize, so that, for

example, there may be a less than 50% reduction in the time to complete

a stage if the team size is doubled. Initial input values forui and ti are

required, and the link equation means that these also provide values for the

model parameterXi, which is rather less easy to estimate directly.

• No more scientists thancapi can be allocated to stagei. This cap may sim-

ply be designed to avoid extreme solutions. It also needs to be sufficiently

low for our modelling assumptions to be realistic.

• A minimum duration minti is set for stagei (for example there may be a

minimum time needed to complete a series of tests). This is ensured by

imposing a second capcap2i = e−1
i ( Xi

minti
) on the effort rate allocation. If

cap2i < capi, we will resetcapi = cap2i.

It seems reasonable to suppose that the efficiencye(u)/u1 decreases for val-

ues ofu greater than some valueuf of maximal efficiency. It is convenient to

scale the functione(u) so thate(uf)/uf = 1, and efficiency is measured on a

scale between0 and1. Let

• dbeff = e(u2f )/u2f , the relative efficiency at2uf ,

• trieff = e(u3f )/u3f , the relative efficiency at3uf ,

• quinteff = e(u5f)/u5f , the relative efficiency at5uf .

1Note that for the remainder of this section the subscripti is suppressed.
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OPRRA offers two options for calculating the effectivenessof a team of scientists.

The first option, proposed by Yu and Gittins (2007), fitse(u) to the values ofuf
and2uf , using a function of the form

e(u) =
bu2

1 + aur
, (4.1)

wherea > 0 and1 < r < 2. This ensures thate(u) is increasing for allu and

does not grow faster than linearly withu asu tends to infinity;b is chosen so that

max
u

e(u)

u
= 1.

The other option, proposed by Charalambous (2009), uses cubic interpolation to

fit e(u) between the values foruf , 3uf , and5uf . The interpolation formulaf(u)

is as follows.

f(u) =





u u ≤ uf ,
(u−uf )

2

3uf−5uf
[
(u−uf )e(3uf )

(3uf−uf )2
− (u−3uf )e(5uf )

(5uf−uf )2
]

+
(u−3uf )(u−5uf )

(uf−3uf )(uf−5uf )
[u− (u− uf)uf(

1
uf−3uf

+ 1
uf−5uf

)] uf < u ≤ 5uf .

(4.2)

This effectiveness function is for most purposes an improvement on the pre-

vious effectiveness function as it fits functions to two points aboveuf rather than

just one point. It gives a reasonable fit up tou = 5uf . The previous function is

unreliable foru > 2.5uf .

4.2 Discounting and Obsolescence

Income from the sales of a drug is likely to be lower if the launch time is delayed,

due to the general tendency for better drugs to become available from competitors

as time goes by. This effect is described asobsolescence. It means that the expo-

nential discount rate for the value of a CD from the research project is higher than

the discount rate applied to future costs.

Our obsolescence modelling takes account of the rates of occurrence of three

types of events:
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• Type A: the registration of a competitive patent,

• Type B: a competitor obtains a licence to market a new drug,

• Type C: changes in the regulatory environment.

First we consider Type A events. LetξA∆t denote the probability of any other

company registering a competitive patent in a short interval of time∆t, andfA be

the fraction by which the competitor’s patent reduces the value of a new drug. It

may be shown that the effect of this pattern of occurrence of competitive patents

is to multiply the expected value of a new drug which becomes available at timet

by the factore−fAξA, thus increasing the discount rate byfAξA.

The other two classes of events mentioned above are modelledin the same

way, with a further contribution to the discount rate for each class. Regulatory

changes typically call for additional procedures to be carried out before a drug is

given regulatory approval. Thus we have three componentsfAξA, fBξB andfCξC
which contribute toν1, the obsolescence component of the discount rate for the

value of a new drug.

Pharmaceutical patents protect manufacturers by prohibiting competitors from

producing the drug during the period of its patent protection. The length of these

periods varies in different countries, though they are usually between 15 and 20

years. However, pharmaceutical companies apply for patentprotection before

they actually begin producing the drug, thus significant portions of the patent term

for a new drug are lost before the drug enters the market. As a result, the effective

remaining patent life of a new drug has an important effect onits market value.

Denote byQ the factor by which the value of a new drug is reduced by a one year

postponement of availability, taking account only of the reduction in unexpired

patent life. It follows that−log(Q) is an additional contribution to the obsoles-

cence rateν1. Hence we haveν1 = fAξA + fBξB + fCξC − log(Q).

When competitors learn of progress in our research project,there may well

be an increase both in competitive research and in the similarities between the

compounds screened by competitors and those screened in theproject. To model

this effect of additional self-induced obsolescence, a second discount rateν2 is

introduced. We estimateν2 in a similar way to the estimation ofν1.
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We define the exponential rateγ1 = γ + ν1 for discounting future rewards

without self-induced obsolescence to be the sum of the rate for discounting future

costs and the obsolescence rateν1. We denote byγ2 = γ+ ν2 the overall discount

rate including self-induced obsolescence. The expected value of a new drug is

discounted at the rateγ1 until the completion of the first attempt to find a CD,

and from then on at the rateγ2. For simplicity of notation we setγ1 = γ2 in the

expressions throughout the thesis.2

4.3 (s, n) Policies

4.3.1 Definition of an(s, n) Policy

The parameterss andn which define an(s, n) policy have the following mean-

ings:

• s is the number of LS from which we would like to select CDs.

The optimization calculations in OPRRA allow the valuess = 1, 2 and3,

so that we consider projects which select CDs from at most three LS. This

is to limit the complexity of the required formulae and computations, and is

unlikely to be a serious restriction in practice.

• n is the maximum number of LS from which we will attempt to select CDs.

Obviously,s ≤ n.

The rules for an(s, n) policy are:

1. Stage 3 is carried out in parallel with stage 4 in the case where we find one

LS in stage 2, except for thenth time that stage 4 is carried out. When two

LS are found in stage 2, stage 3 is carried out in parallel withstage 4 except

for the1st andnth times that stage 4 is carried out.

2Note that OPRRA does not require this assumption. The arguments in chapter 3 are un-

changed withγ1 6= γ2. The tests conducted in chapters 7 and 8 do not impose this equality either.
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2. If an LS becomes theith successfully optimized LS,1 ≤ i < s, selecting

ki CDs from it has precedence over optimizing further LS. Afterwe have

obtainedki CDs from theith optimized LS, we will never return to this LS

for more CDs.

3. If an LS becomes thesth successfully optimized LS before alln attempts

have been made, the project will be terminated after selectingks CDs from

it.

4. The project is terminated aftern optimization attempts have been made,

even if the number of successfully optimized LS is less thans.

4.3.2 Expected Reward and Expected Cost

In this section we give expressions for the total expected discounted reward (TEDR)

and total expected discounted cost (TEDC) for an(s, n) policy. More details and

derivations are given by Charalambous (2009).

Let R(s, n) andC(s, n) denote the TEDR and TEDC for policy(s, n), re-

spectively. Recall that our focus is on the efficient use of resources in pre-clinical

research, hence the costs for the clinical trials are included in the calculation for

TEDR rather than in TEDC. As we are only optimizing the resource allocation for

pre-clinical research these costs are also fixed.

(s, n) = (1, n)

If the first LS is successfully optimized, the expected valueof the first CD is

e−γ1(t1+t2+t4+tI+tII+tIII )pW − e−γ(t1+t2+t4)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII). (4.3)
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The TEDR of the firstk1 CDs isV1a − V1b, where

V1a = e−γ1(t1+t2+t4+tI+tII+tIII )pW

k1∑

m=1

(ηe−γ1t5)m−1

= e−γ1(t1+t2+t4+tI+tII+tIII )pW

[
1− (ηe−γ1t5)k1

1− ηe−γ1t5

]
,

V1b = e−γ(t1+t2+t4)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)

k1∑

m=1

(e−γt5)m−1

= e−γ(t1+t2+t4)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)

[
1− (e−γt5)k1

1− e−γt5

]
.

We have

R(1, n) = p1p21p4V1a

(
1− (p3y2)

n

1− p3y2

)
+ p1p22p4V1a

(
1 + y2

(
1− (p3y2)

n−1

1− p3y2

))

−p1p21p4V1b
(
1− (p3y)

n

1− p3y

)
− p1p22p4V1b

(
1 + y

(
1− (p3y)

n−1

1− p3y

))
.

(y = q4e
−γt4 , y2 = q4e

−γ1t4)
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The following notation simplifies the expression forC(1, n).

C1 = α
u1
γ

(
1− e−γt1

)
= TEDC for stage 1.

C2 = αp1e
−γt1

u2
γ

(
1− e−γt2

)
= TEDC for stage 2.

C31 = αp1p21e
−γ(t1+t2)

u3
γ

(
1− e−γt4

)

= contribution to TEDC for stage 3 corresponding to one LS found in stage 2.

C32 = αp1p22e
−γ(t1+t2)

u3
γ

(
1− e−γt4

)
.

= contribution to TEDC for stage 3 corresponding to two LS found in stage 2.

C41 = αp1p21e
−γ(t1+t2)

u4
γ

(
1− e−γt4

)
.

= contribution to TEDC for stage 4 corresponding to one LS found in stage 2.

C42 = αp1p22e
−γ(t1+t2)

u4
γ

(
1− e−γt4

)
.

= contribution to TEDC for stage 4 corresponding to two LS found in stage 2.

C51(k) = αp1p21p4e
−γ(t1+t2+t4)

u5
γ

(
1− e−kγt5

)
.

= contribution to TEDC for stage 5 corresponding to one LS found in stage 2.

C52(k) = αp1p22p4e
−γ(t1+t2+t4)

u5
γ

(
1− e−kγt5

)
.

= contribution to TEDC for stage 5 corresponding to two LS found in stage 2.
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We have

C(1, n) = C1 + C2 + C31

(
n−1∑

i=1

(p3y)
i−1

)
+ C32

(
n−2∑

i=1

(p3y)
i−1

)

+
[
C41 + C51(k1 − 1)

]( n∑

i=1

(p3y)
i−1

)
+
[
C42 + C52(k1 − 1)

](
1 + y

n−1∑

i=1

(p3y)
i−1

)

= C1 + C2 + C31

(
1− (p3y)

n−1

1− p3y

)
+ I{n 6= 1}C32

(
1− (p3y)

n−2

1− p3y

)

+
[
C41 + C51(k1 − 1)

](1− (p3y)
n

1− p3y

)

+
[
C42 + C52(k1 − 1)

](
1 + y

(
1− (p3y)

n−1

1− p3y

))
,

where

I{A} =

{
1 if event A occurs,

0 otherwise.

(s, n) = (2, n)

We now fix s = 2 and proceed to give expressions forR(2, n) andC(2, n). As

explained in section 2.1, the time required to optimize a subsequent LS, given that

a previous LS has been successfully optimized, isρt4 (0 < ρ < 1). We call the

corresponding stage 4ρ to distinguish it from the original stage 4. Since stage 3

may be carried out in parallel with stage 4, we let stage 3ρ be the stage carried out

in parallel with stage 4ρ.

The expected value of the first CD from the second successfully optimized

LS after we have obtainedk1 CDs from the first successfully optimized LS is

e−γ1(t1+t2+t4+ρt4+(k1−1)t5+tI+tII+tIII )pW
(
pbη

k1 + 1− pb
)

−e−γ(t1+t2+t4+ρt4+(k1−1)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII). (4.4)
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Let V2a − V2b be the TEDR of thek2 CDs selected from the second LS, where

V2a = e−γ1(t1+t2+t4+ρt4+(k1−1)t5+tI+tII+tIII )pW
(
pbη

k1 + 1− pb
) k2∑

m=1

(ηe−γ1t5)m−1

= e−γ1(t1+t2+t4+ρt4+(k1−1)t5+tI+tII+tIII )pW
(
pbη

k1 + 1− pb
) [1− (ηe−γ1t5)k2

1− ηe−γ1t5

]
,

V2b = e−γ(t1+t2+t4+ρt4+(k1−1)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)

k2∑

m=1

(e−γt5)m−1

= e−γ(t1+t2+t4+ρt4+(k1−1)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)

[
1− (e−γt5)k2

1− e−γt5

]
.

We have

R(2, n) = R(1, n) +R(2ρ)(n),

where

R(2ρ)(n) = (p1p21p3p
2
4 + p1p22p

2
4)V2a

(
n−1∑

j=1

j∑

i=1

(p3y2)
j−i(p3y2ρ)

i−1

)

−(p1p21p3p
2
4 + p1p22p

2
4)V2b

(
n−1∑

j=1

j∑

i=1

(p3y)
j−i(p3yρ)

i−1

)
.

(yρ = q4e
−γρt4 , y2ρ = q4e

−γ1ρt4)

To derive expressions forC(2, n) we defineC31ρ andC41ρ to be the contributions

to the TEDC for stage 3ρ and stage 4ρ respectively, given that we find one LS in

stage 2. Similarly we letC32ρ andC42ρ be the contributions to the TEDC for stage

3ρ and stage 4ρ respectively, given that we find two LS in stage 2. Thus we have

C31ρ = αp1p21e
−γ(t1+t2)

u3
γ

(
1− e−γρt4

)
,

C32ρ = αp1p22e
−γ(t1+t2)

u3
γ

(
1− e−γρt4

)
,

C41ρ = αp1p21e
−γ(t1+t2)

u4
γ

(
1− e−γρt4

)
,

C42ρ = αp1p22e
−γ(t1+t2)

u4
γ

(
1− e−γρt4

)
.
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The TEDC for(s, n) = (2, n) is

C(2, n) = C(1, n) + C(2ρ)(n),

where

C(2ρ)(n) =
[
p4e

−γ(t4+(k1−1)t5) (p3C41ρ + C42ρ) + p4e
−γ((k1−1)t5+ρt4)

(
p3C51(k2 − 1)

+C52(k2 − 1)
)]( 1

p3y − p3yρ

)(
p3y − (p3y)

n

1− p3y
− p3yρ − (p3yρ)

n

1− p3yρ

)

+p4e
−γ(t4+(k1−1)t5)

(
C31ρ

(
1

p3y − p3yρ

)(
p3y − (p3y)

n−1

1− p3y
− p3yρ − (p3yρ)

n−1

1− p3yρ

)

+I{n 6= 2}C32ρ

(
1 + (y + yρ)

(
1

p3y − p3yρ

)
×

(
p3y − (p3y)

n−2

1− p3y
− p3yρ − (p3yρ)

n−2

1− p3yρ

)))
.

(s, n) = (3, n)

The expected value of the first CD from the third successfullyoptimized LS given

that we findk1 andk2 CDs from the first and the second successfully optimized

LS respectively, is

e−γ1(t1+t2+t4+2ρt4+(k1+k2−2)t5+tI+tII+tIII )pW

2∏

i=1

(
pbη

ki + 1− pb
)

−e−γ1(t1+t2+t4+2ρt4+(k1+k2−2)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII). (4.5)

Let V3a − V3b be the TEDR fork3 CDs selected from the third LS, where

V3a = e−γ1(t1+t2+t4+2ρt4+(k1+k2−2)t5+tI+tII+tIII )pW

2∏

i=1

(
pbη

ki + 1− pb
) k3∑

m=1

(ηe−γ1t5)m−1

= e−γ1(t1+t2+t4+2ρt4+(k1+k2−2)t5+tI+tII+tIII )pW
2∏

i=1

(
pbη

ki + 1− pb
) [1− (ηe−γ1t5)k3

1− ηe−γ1t5

]
,

V3b = e−γ(t1+t2+t4+2ρt4+(k1+k2−2)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII)cIII)

k3∑

m=1

(e−γt5)m−1

= e−γ(t1+t2+t4+2ρt4+(k1+k2−2)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII)cIII)

[
1− (e−γt5)k3

1− e−γt5

]
.
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We have

R(3, n) = R(2, n) +R(3ρ)(n),

where

R(3ρ)(n) = (p1p21p
2
3p

3
4 + p1p22p3p

3
4)V3a

(
n−2∑

j=1

j∑

i=1

i · (p3y2)j−i(p3y2ρ)i−1

)

−(p1p21p
2
3p

3
4 + p1p22p3p

3
4)V3b

(
n−2∑

j=1

j∑

i=1

i · (p3y)j−i(p3yρ)i−1

)
.

Also the TEDC for(s, n) = (3, n) is

C(3, n) = C(2, n) + C(3ρ)(n),

where

C(3ρ)(n) = p3p4e
−γ(ρt4+(k2−1)t5)

[
p4e

−γ(t4+(k1−1)t5)(p3C41ρ + C42ρ) + p4e
−γ((k1−1)t5+ρt4) ×

(
p3C51(k3 − 1) + C52(k3 − 1)

)]
(

n−2∑

j=1

j∑

i=1

i · (p3y)j−i(p3yρ)i−1

)

+p24e
−γ(t4+ρt4+(k1+k2−2)t5)(p3C31ρ + C32ρ)

(
n−3∑

j=1

j∑

i=1

i · (p3y)j−i(p3yρ)i−1

)
.

4.3.3 Optimization Calculations with PI and IRR

One of the objectives of OPRRA is to find the values of a set of decision variables,

for given values of(s, n), that maximize the project’s PI or IRR. The vector of

decision variables to be optimized isu = (u1, u2, u4, u5, k1, . . . , ks), which we

call theallocation variables. u3 is not included in the vector of allocation variables

as it is linked tou4 by the requirement thatt3 = t4. We sett3 = X4

e4(u4)
and can

obtainu3 by settingu3 = e−1
3 (X3

t3
). The value ofti may be obtained from setting

ti =
Xi

ei(ui)
, i = 1, 2, 4, 5. Hence this leaves with us4+ s allocation variables to be

optimized.
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DefinePI(u) = R(u)
C(u)

, andγI as the IRR for whichG(γI ,u) = R(γI ,u) −
C(γI ,u) = 0. The goal is to find the optimal sets of allocations for PI and IRR,

respectively, such that∂PI(u)
∂u

= 0 and ∂γI
∂u

= 0.3 We apply the Newton-Raphson

algorithm to find these optimal allocations, which we denotein both cases by

u∗, subject to the constraintui ≤ capi, (i = 1, 2, 3, 4, 5). For this purpose

k1, k2, . . . , ks are treated as continuous variables.

For the PI function, the first and second derivatives with respect tou1 are as

follows. Similar expressions give the first and second derivatives with respect to

the other allocation variables.

∂PI(u)

∂u1
=

1

C(u)2
[
C(u)

∂R(u)

∂u1
−R(u)

∂C(u)

∂u1

]
,

∂2PI(u)

∂u21
=

1

C(u)2
[
C(u)

∂2R(u)

∂u21
− R(u)

∂2C(u)

∂u21

]
− 2

C(u)

PI(u)

∂u1

∂C(u)

∂u1
.

For the IRR function, the first and second derivatives to be applied in the

Newton-Raphson algorithm with respect tou1 are as follows, again with similar

expressions for other allocation variables.

∂γI
∂u1

= −
[
∂G(γI ,u)
∂u1

∂G(γI ,u)
∂γI

]
,

∂2γI
∂u21

= −
[ ∂G(γI ,u)

∂γI
· ∂2G(γI ,u)

∂u2
1

− ∂G(γI ,u)
∂u1

· ∂2G(γI ,u)
∂γI∂u1

(∂G(γI ,u)
∂γI

)2

]
.

OPRRA optimizes the allocation variables one at a time, starting with the

value setu(0) = (u
(0)
1 , u

(0)
2 , u

(0)
4 , u

(0)
5 , k

(0)
1 , . . . , k

(0)
s ) and working through the vari-

ables fromu1 to ks iteratively. The optimization calculations stop when the PI

(or IRR) values resulting from a given number OPTIT (defaultvalue= 3(4 + s))

of successive optimizations with respect to individual variables are all the same.

If this convergence condition has not been satisfied before MAXIT (default value

= 25(4 + s)) single variable optimizations have been carried out the procedure is

abandoned.

3i.e., ∂PI(u)
∂ui

= 0, ∂PI(u)
∂kj

= 0; ∂γI

∂ui
= 0, ∂γI

∂kj
= 0, i = 1, 2, 4, 5, j = 1, 2, 3.
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As a precaution against the possibilities both of a failure to converge and of

convergence to a local rather than the global optimum, this procedure is carried out

for a total of RANDIT (default value= 10) times, each, apart from the first, from

a different randomly-generated starting point. For a more detailed description of

the optimization procedure see Yu (2007).

4.4 Types of Allocation Policy for a Project

As we have discussed in chapter 2 and in this chapter, OPRRA offers two prof-

itability criteria, two classes of candidate drug selection policies and two proba-

bility settings. The profitability criteria are profitability index and internal rate of

return. The CD selection policies are the non-adaptive class of (s, n) policies and

the adaptive class of FI policies. Finally the probabilities may be either fixed or

adaptive.

The class of(s, n) policies plays a key role in the OPRRA calculations. Under

an(s, n) policy OPRRA is able to calculate allocations which maximize either PI

or IRR for given values ofs andn. In the interests of analytical tractability, it is

somewhat restrictive in the sequence of LS and CDs which it allows and is based

on fixed probabilities. In all other respects it gives maximum flexibility, and as

we shall see in chapters 7 and 8 the restrictions which it imposes often have little

influence on profitability.

FI policies on the other hand only use PI as the profitability criterion, but can

be implemented with either fixed or adaptive probabilities.OPRRA evaluates FI

policies by Monte Carlo simulation. This is the only generally available method,

though, as shown in chapter 3, for given stage allocations the PI for a project may

be optimized analytically for a restricted FI selection policy for which CDs are

selected from at most one LS. Simulation requires much more extensive calcula-

tions than evaluation by means of formulae. However, an important advantage of

Monte Carlo simulation as compared with calculations basedon expected values

is that it provides probability distributions of possible outcomes, both as regards

profitability and in terms of effort requirements.
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An allocation policy is a set of rules concerning the effort allocation at each

stage and the sequence of CDs to be selected. To summarize, allocation policy

types vary in the following respects:

• the profitability criteria that they use,

• whether these may be evaluated analytically or only by MonteCarlo simu-

lation,

• the rules for sequencing the searches for new LS and CDs,

• whether they are based on fixed probabilities or on probabilities which are

updated using Bayes theorem,

• and in the availability of procedures within OPRRA for optimizing the

choice of allocation variables.

4.5 Contributions to OPRRA

The following is a list of the improvements to OPRRA which I have made:

• Forward induction policies, a new class of policies for CD selection, both

for the simplified problem and the general problem (Chapter 3).

• Calculation by means of Monte Carlo simulation of the probability distri-

butions of rewards, costs, profitability indices and futureallocations for in-

dividual projects and for a portfolio of projects, for

– (s, n) policies

– FI policies both in fixed and adaptive probabilities settings

and Monte Carlo simulation of the obsolescence events (Appendix C).

• Bayesian inference forp3, and a numerical procedure to evaluate the hyper-

parametersfJ , (J = I, II, III) (Sections 5.1 and 5.2).
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• Additional modelling of contributions to the obsolescencerate, taking ac-

count of changes in regulations, as well as the factor by which the value of

a new drug is reduced by a one year postponement of availability (Section

4.2).

• A cap on resource allocations and a minimal stage time for each stage (Sec-

tion 4.1).

Presentations describing the OPRRA software have been given to several

pharmaceutical companies, including AstraZeneca, GSK andPfizer. Discussions

on implementation are ongoing. Some of the practical conclusions from this thesis

were also presented at the European Operational Research conference in Lisbon

in 2010.
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The Adaptive Probabilities Model

This chapter introduces an adaptive probabilities model that allows the incorpo-

ration of learning from a research project’s progress into the planning process.

It takes into account the information accumulated from the discovery phases and

from clinical trials and allows constant updates on successprobabilities through a

hierarchical Bayes structure.

The model was first outlined by Charalambous (2009), who did not, how-

ever, incorporate it into OPRRA. We extend this model by allowing feedback

from stage 3 as well as implementing FI policies in this setting. The basic for-

wards induction idea still applies, the only difference being that the calculations

of expected rewards and costs are based on the adaptive probabilities model. The

procedures discussed in this chapter have been built into the current version of

OPRRA.

Section 5.1 sets out the adaptive probabilities model. The posterior distri-

butions of the success probabilities for the various stagesare derived given their

prior distributions. In section 5.2 we present a method for estimating the hyper-

parameters of the prior distributions. In section 5.3 we discuss how FI policies

can be implemented in this adaptive probabilities setting.
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5.1 Estimates for Success Probabilities

The Bayesian approach can be viewed as a formalization of theprocess of learning

from experience, which is a fundamental characteristic of all scientific investiga-

tion.

The success probabilities for the different phases of a pharmaceutical project

up to now have been assumed to be the fixed point estimates based on previous

knowledge. An adaptive probabilities model based on Bayesian learning supple-

ments previous knowledge by allowing the available information to change our

opinion about the success probabilities as the project progresses. The use of the

adaptive probabilities can therefore enable us to make moreinformed decisions.

Stages 1 and 2 occur at most once so there is no possibility of Bayesian up-

dating for the probabilitiesp1, p21 andp22. Estimates for these probabilities are

required, and they stay unchanged throughout the calculations. For all other suc-

cess probabilities our adaptive probabilities model allows for updating of prior

distributions.

The success probabilitiespI , pII and pIII are assumed to be different for

different LS, and are treated as being randomly sampled fromindependent prob-

ability distributions. Final estimates of these success probabilities are reached by

using Bayes theorem, which adjusts the prior distributionsaccording to the record

of successes and failures. Beta prior distributions are assumed for all the un-

known probabilities, as they form a flexible and mathematically convenient class

for quantities constrained to lie between 0 and 1.

Inference for p3 = P(find a backup LS|success in stages1 and 2).

The probabilities of success (x = 1) and failure (x = 0) for stage 3 follow a

Bernoulli distribution,

p(x) = px3(1− p3)
1−x, x = 0, 1.
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Stage 3 may be repeated up to the first failure. Letn3 be the number of stage 3s

completed so far, hence the likelihood function may be written as

f(x|p3) = f(x1, x2, x3, ...xn3
|p3) = pn3

3 .

Assume thatp3 has a beta prior distribution,

p3 ∼ Beta(f3m3, f3(1−m3)), 0 < m3 < 1, f3 > 0,

wherem3 = E[p3] is the prior expectation forp3.

Bayes theorem gives

P (p3|x) ∝ f(x1, x2, . . . , xn3
|p3)P (p3)

∝ pn3

3 p
f3m3−1
3 (1− p3)

f3(1−m3)−1

∝ pn3+f3m3−1
3 (1− p3)

f3(1−m3)−1.

It follows that

p3|n3 ∼ Beta(n3 + f3m3, f3(1−m3)),

thus

E[p3|n3] =
n3 + f3m3

n3 + f3
. (5.1)

Inference for p4 = P(find a first CD from an LS |success in stages1 to 3).

Let n4 be the number of LS from which we have tried to find a CD, andy4 be the

number of successfully optimized LS. We have

y4|p4 ∼ Bin(n4, p4),

and letp4 have the prior distribution

p4 ∼ Beta(f4m4, f4(1−m4)), 0 < m4 < 1, f4 > 0.

ThusE[p4], the prior expectation forp4, ism4. Proceeding as forp3 it follows that

p4|y4 ∼ Beta(y4 + f4m4, n4 − y4 + f4(1−m4)),

so that the posterior expectation forp4 is

E[p4|y4] =
y4 + f4m4

n4 + f4
. (5.2)
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Inference for pJi = P(success in phaseJ clinical trials for CD from LS i

|success in stages1 to 5 and in phaseK,K < J). i = 1, 2 . . . ; J = I, II, III.

We assume that for each phase the success probabilities for different LS are differ-

ent. We relate these probabilities to each other by treatingthem as a sample drawn

from a common beta distribution with an unknown mean, the unknown mean it-

self having a beta prior distribution. This hierarchical structure provides an ideal

framework to reflect the dependence between different LS.

Let nJi be the number of CDs which have completed phaseJ clinical trials

from LS i, andyJi be the number of CDs which have successfully completed

phaseJ clinical trials from LSi. Thus

yJi|pJi ∼ Bin(nJi, pJi),

pJi|uJ ∼ Beta(fJuJ , fJ(1− uJ)),

uJ ∼ Beta(rJmJ , rJ(1−mJ)),

where

0 < uJ < 1, 0 < mJ < 1, rJ > 0, fJ > 0.

HenceE[pJi|uJ ] = uJ ,E[uJ ] = mJ , and the prior expectation forpJi isE[pJi] =

mJ .

Assume we have successfully optimized LS1, 2, . . . , ι.

Let nJ = (nJ1, nJ2, . . . , nJι), yJ = (yJ1, yJ2, . . . , yJι), J = I, II, III. The

derivation of the approximate posterior expectation forpJi is given by Charalam-

bous (2009). It is based on earlier work by Consonni and Veronese (1995). This

gives

E[pJi|yJ,nJ] = bJiaJmJ + bJi(1− aJ)eJ + (1− bJi)p̂Ji, (5.3)

where

bJi =
fJ

fJ + nJi
, cJi =

fJ + 1

fJ + nJi
, aJ =

rJ∑
k cJknJk + rJ

, eJ =

∑
k cJkyJk∑
j cJknJk

, p̂Ji =
yJi
nJi

.
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5.2 Estimates for Hyper-parameters

Prior experience and judgement should be used to provide probability distribu-

tions for the success probabilitiesp3, p4 andpJ , J = I, II, III. These distribu-

tions may then be used to calculate plausible values for the hyper-parameters. For

the purpose of illustration we give the estimation forfJ (J = I, II, III) here.

Estimation forf3 andf4 proceeds in a similar but less complicated fashion.

Recall that

pJi|uJ ∼ Beta(fJuJ , fJ(1− uJ)), (5.4)

uJ ∼ Beta(rJmJ , rJ(1−mJ)). (5.5)

Using (5.4) and (5.5) it follows that the mean and variance for pJi are

E[pJi] = mJ , V ar[pJi] = mJ(1−mJ)
rJ + fJ + 1

(fJ + 1)(rJ + 1)
.

Following Consonni and Veronese (1995) we approximate the distribution ofpJi
by a beta distribution Beta(fm, f(1−m)) with the same mean and variance. Since

E[pJi] = m, andV ar[pJi] =
m(1−m)
f+1

, this means that

mJ = m, (5.6)

and

mJ (1−mJ)
rJ + fJ + 1

(fJ + 1)(rJ + 1)
=
m(1−m)

f + 1
. (5.7)

Low values forfJ andrJ imply a high variance ofpJi. High values forfJ andrJ
mean accurate knowledge of the actual value ofpJ . In the absence of any strong

reason for a different choice we setfJ = rJ . Now solving equation (5.7) gives

fJ = f +
√
f 2 + f. (5.8)

We use the method developed by Dorp and Mazzuchi (2000) to calculate the val-

ues off andm. They have shown that a solution exists for the parameters ofa

beta distribution given any feasible combination of lower quantile and upper quan-

tile values. They describe a numerical procedure which solves for the parameters

given these two quantile values. We only give key results here.
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LetX ∼ Beta(fm, f(1−m)), i.e.

P (X ≤ x) =
1

B(fm, f(1−m))

∫ x

0

ufm−1(1− u)f(1−m)−1du, (5.9)

where0 < m < 1 andf > 0. The right side of equation (5.9) is the incomplete

beta functionB(x|fm, f(1−m)) which has no closed form solution.

Definition 5.1. Let 0 < xq < 1 and0 < q < 1. A random variableX satisfies

quantile condition(xq, q) ⇔ P (X ≤ xq) = q.

Problem 5.1. Solvef andm for X ∼ Beta(fm, f(1 − m)) under two quantile

conditions(xqL, qL) and(xqU , qU), whereqL < qU .

The following theorem ensures that problem 5.1 has a solution for any com-

bination of the two quantile conditions.

Theorem 5.1.There exists a solution(f ∗, m∗) for problem 5.1.

The proof involves four steps. In the first step it is proved that, using the

notation in (5.9), for a givenf > 0 and a quantile condition(xq, q) a uniquem◦

exist such thatX ∼ Beta(fm◦, f(1 − m◦)) satisfies that quantile condition. In

the second step it is shown that asf → 0 the parameterm◦ → (1 − q). In the

third step it is shown that forf → ∞ the parameterm◦ → xq . In the fourth step,

the theorem is proved. See Dorp and Mazzuchi (2000) for a fullaccount of these

steps.

Dorp and Mazzuchi (2000) also describe a numerical procedure based on

three different applications of the bisection method1, BISECT1, BISECT2,

andBISECT3, which may be implemented to evaluate the regularized incom-

plete beta function given by (5.9). It finds the solution to problem 5.1 with a

prescribed level of accuracy.

BISECT1(m, f, q) solves for theqth quantilexq ofX. BISECT2(xq, f, q)

solves for the parameterm◦ satisfying the quantile condition(xq, q).

BISECT3(xqL, xqU , qL, qU) gives the solution(m∗, f ∗) for problem 5.1. A

method of determining a starting interval[a1, b1] containingf ∗ is given by STEP1,

STEP2, and STEP3 ofBISECT3.
1See Appendix F.2 for a description of the bisection method.

66



Chapter 5 The Adaptive Probabilities Model

BISECT1(m, f ,q)

STEP 1 j := 1; Set[d1, e1] = [0, 1];

STEP 2 xq,j :=
dj+ej

2
; qj := B(xq,j|fm, f(1−m));

STEP 3 Ifqj ≤ q thendj+1 := xq,j andej+1 := ej;

Elseej+1 := xq,j; dj+1 := dj;

STEP 4 If|qj − q| < δ then stop.

Elsej := j + 1; Go to STEP 2;

BISECT2(xq, f ,q)

STEP 1 n := 1; Set[d1, e1] = [0, 1];

STEP 2 mn+1 :=
dn+en

2
; qn := B(xq|fmn+1, f(1−mn+1);

STEP 3 Ifqn ≤ q thenen+1 := mn+1; dn+1 := dn;

Elsedn+1 := mn+1; en+1 := en;

STEP 4 If|qn − q| < δ then stop.

Elsen := n + 1; Go to STEP 2;

BISECT3(xqL,xqU,qL,qU)

STEP 1 k := 1; f1,k := 1;

STEP 2 (m◦)1,k := BISECT2(xqU , f1,k, qU);

(xqL)1,k := BISECT1((m◦)1,k, f1,k, qL);

STEP 3 If(xqL)1,k < xqL thenf1,k+1 := 2 · f1,k; Go to STEP 2;

Else[a1, b1] := [0, f1,k];

STEP 4 k := 1; f1 := a1+b1
2

;

STEP 5 (m◦)k := BISECT2(xqU , fk, qU); (xqL)k := BISECT1((m◦)k, fk, qL);

STEP 6 If(xqL)k < xqL thenak+1 := fk; bk+1 := bk;

Elseak+1 := ak; bk+1 := fk;

STEP 7 If|(xqL)k − xqL| < δ then stop.

Elsek := k + 1; Go to STEP 5;

We now proceed to give numerical examples for the estimations of f3, f4 andfJ
(J = I, II, III) using the bisection methods just described. The accuracy for δ
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bisection methodsBISECT1 andBISECT2 was set to10−8. The accuracy in

bisection methodBISECT3 was set to10−4.

For illustration purposes assume that we have the same priorinformation

aboutp3 andp4, and that both of them are likely to lie between0.4 and0.8. Thus

let us suppose that

P (p3 < 0.4) = 0.1, P (p3 < 0.8) = 0.9,

P (p4 < 0.4) = 0.1, P (p4 < 0.8) = 0.9,

so that(xqL, qL) = (0.4, 0.1) and(xqU , qU) = (0.8, 0.9).

Recall that

p3 ∼ Beta(f3m3, f3(1−m3)), p4 ∼ Beta(f4m4, f4(1−m4)).

The solutions with the above settings of error tolerances arem3 = m4 = 0.606

andf3 = f4 = 9.379.

To complete our illustration we also fix the10th and90th quantiles forpI , pII
andpIII , bearing in mind that any two distinct pairs of quantile conditions can be

used. Suppose that the10th and90th quantiles forpI are0.4 and0.7 respectively.

Now recall that

pIi|uI ∼ Beta(fIuI , fI(1− uI)),

uI ∼ Beta(rImI , rI(1−mI)),

and we have approximated the distribution ofpIi by the following beta distribution

pIi ∼ Beta(fm, f(1−m)),

wheremI = m andfI = f +
√
f 2 + f . Using the bisection method to solve for

m andf we obtainmI = 0.551 andfI = 35.888.

Working as above and using the conditions(xqL, qL) = (0.3, 0.1) and(xqU , qU) =

(0.6, 0.9) for pII , and(xqL, qL) = (0.5, 0.1) and(xqU , qU) = (0.8, 0.9) for pIII ,

we obtain

mII = 0.449, fII = 36.185, and

mIII = 0.655, fIII = 32.544.
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5.3 Adaptive FI Policies

The decision rules for FI policies in section 3.1 still apply, but the expected re-

wards and costs at each stage are now calculated in a Bayesianfashion, where the

fixed probability estimates are replaced by the mean values of the prior or poste-

rior probabilities. In addition,PI(CD) is no longer the PI for an additional CD

from the youngest optimized LS, but instead from an LS which gives the highest

PI for that additional CD. Detailed calculations of relevant expected rewards and

costs are set out in Appendix B.2.

At each decision point, a decision has to be made on whether totake a fur-

ther CD from any of the already optimized LS or to optimize a new LS. Letp =

(pI1, pI2, . . . , pIι, pII1, pII2, . . . , pIIι, pIII1, pIII2, . . . , pIIIι), the vector of clinical

trials success probabilities. To avoid undue computational complexity, we assume

that when we optimize a new LS, the CDs from that LS have independent and

identical chances of being successful conditional onp. We also ignore the possi-

bility of further feedback during the processing of CDs froma given LS. After the

attempt to find a first CD we need to take account of the history of successes and

failures, which includes information on the progress of CDswhich have started

but not yet completed clinical trials.

Let xJi be the number of CDs which are currently in phaseJ clinical trials

from LS i. We recall thatnJi andyJi are the numbers of CDs that have completed

and successfully completed phaseJ clinical trials, respectively, from LSi, J =

I, II, III. Hence we have

xIi = y0i − nIi, xIIi = yIi − nIIi, xIIIi = yIIi − nIIIi,

wherey0i is the number of CDs from LSi which have progressed to clinical trials.

LetZ = z1 + z2 + z3 + z4, where

z1 = number of the
∑ι

k=1 xIk CDs in phaseI clinical trials that will become

marketable drugs;

z2 = number of the
∑ι

k=1 xIIk CDs in phaseII clinical trials that will become

marketable drugs;

z3 = number of the
∑ι

k=1 xIIIk CDs in phaseIII clinical trials that will become

marketable drugs;
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z4 =
∑ι

k=1 yIIIk, the number of successful CDs so far.

We expressz1, z2 andz3 as the sums of Bernoulli random variables, all of

which are independent conditional onp.

z1 =
∑

Qkj =
ι∑

k=1

xIk∑

j=1

Qkj,whereQkj ∼ Ber(pIkpIIkpIIIk),

z2 =
∑

Rkj =

ι∑

k=1

xIIk∑

j=1

Rkj,whereRkj ∼ Ber(pIIkpIIIk),

z3 =
∑

Ukj =

ι∑

k=1

xIIIk∑

j=1

Ukj ,whereUkj ∼ Ber(pIIIk).

The additional expected value of a subsequent CD conditional on the set of

previously selected CDs as expressed in proposition 2.1 is replaced byE[pIipIIipIIIiλZ ]W ,

whereE[pIipIIipIIIiλZ ] = E[pIipIIipIIIiλ
z1+z2+z3]λz4 . We use the evaluation

of E[pIipIIipIIIiλz1+z2+z3] by first order approximation set out in the following

lemmas by Charalambous (2009). In the lemmas we use the notation X =

(X1, X2, . . . , Xn)
T , E[X] = (E[X1], E[X2], . . . , E[Xn])

T andD[g(X)] =

(∂g(X)
∂X1

, ∂g(X)
∂X2

, . . . , ∂g(X)
∂Xn

)T .

Lemma 5.1. Supposeg(X) is a scalar linear function of the vectorX. Then

E[g(X)] = g(E[X])

Proof. g(X) is a scalar linear function, sog(X) = mTX+bwherem is a vector

of real numbers andb is a real number. Now

E[g(X)] = E[mTX + b] = mTE[X] + b = g(E[X]),

as required.

Lemma 5.2. Supposeg(X) is a scalar function which is twice differentiable.

ThenE[g(X)] ≈ g(E[X])] if we use a linear approximation forg(X) in the

neighbourhood ofE[X ].
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Proof. Taylor’s theorem gives

g(X) = g(E[X]) +D[g(E[X])]T (X − E[X]) + o(|X − E[X]|)
≈ D[g(E[X])]TX + g(E[X])−D[g(E[X])]TE[X ].

The lemma now follows directly from lemma 5.1.

Lemma 5.3.

E[pIipIIipIIIiλ
z1+z2+z3 ] = E[h(p)],

where

h(p) = pIipIIipIIIi

ι∏

k=1

(1− (1− λ)pIkpIIkpIIIk)
xIk

ι∏

k=1

(1− (1− λ)pIIkpIIIk)
xIIk ·

ι∏

k=1

(1− (1− λ)pIIIk)
xIIIk .

Proof.

E[pIipIIipIIIiλ
z1+z2+z3 ] = E[E[pIipIIipIIIiλ

z1+z2+z3|p]]
= E[pIipIIipIIIiE[λ

z1 |p]E[λz2 |p]E[λz3 |p]]
(using independence ofzm|p andzn|p,m 6= n,m,n = 1, 2, 3)

= E[pIipIIipIIIiE[λ
∑
Qkj |p]E[λ

∑
Rkj |p]E[λ

∑
Ukj |p]]

= E[pIipIIipIIIi
∏

kj

E[λQkj |p]E[λRkj |p]E[λUkj |p]]

(using independence ofQkj|p, Rkj|p andUkj|p)

= E[pIipIIipIIIi

ι∏

k=1

(1− (1− λ)pIkpIIkpIIIk)
xIk ·

ι∏

k=1

(1− (1− λ)pIIkpIIIk)
xIIk

ι∏

k=1

(1− (1− λ)pIIIk)
xIIIk ]

= E[h(p)],

as required.
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Lemma 5.4. If we use a linear approximation toh(p) in the neighbourhood of

E[p] then

E[pIipIIipIIIiλ
z1+z2+z3 ] ≈ h(E[p]).

Proof. The proof is immediate from lemmas 5.2 and 5.3.
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The Option Valuation Model

The valuation of pharmaceutical R&D projects is a challenging task due to the

high degree of uncertainty involved. Estimating the futurecommercial value of a

compound that is still in early development and far from the market is one of the

major challenges. The future value of a new drug is driven by abroad range of fac-

tors such as its safety and efficacy, competition, expected demand, market share,

etc, and it is likely to fluctuate with these value drivers. The high uncertainty

about the new drug’s value is linked to the desirability of flexibility in operating

strategy. This managerial flexibility often has value and itmay be substantial.

All of the analysis up to this point assumes a fixed estimate for the value of

the first new drug,W , and a commitment to invest in clinical trials regardless

of the value ofW . In this chapter we relax this assumption by allowingW to

follow a stochastic process that reflects the uncertaintiesresulting from both en-

dogenous and exogenous factors. We assume that our company only invests in

clinical trials when the value ofW is greater than the expected cost at the time of

investment. WithW following a stochastic process and an irreversible investment

cost, the value of a pharmaceutical R&D investment opportunity can be seen as a

real option, analogous to a financial option. The ability of option pricing theory

to quantify uncertainty and flexibility makes it a very appealing choice for valuing

pharmaceutical investment opportunities.

The section that follows gives an overview of real options analysis and its
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applications in R&D decision making. In section 6.2 we formulate the model

and show how the option value of an investment opportunity may be calculated

numerically using the finite difference method. In section 6.3 we discuss how

calculations of profitability for both the(s, n) and FI candidate drug selection

policies should be modified in order to incorporate option values. The option

valuation model will be built into OPRRA in due course.

6.1 Real Options Overview

In an economic environment characterized by rapid change, great uncertainty and

competitive interactions, it has become increasingly important that investment

evaluation tools and processes can properly account for both uncertainty and a

company’s ability to react to new information. As new information arrives and

uncertainty about the investment’s rewards is gradually resolved, management of-

ten has the flexibility to alter the initial operating strategy in order to capitalize

on favourable future opportunities or to react so as to mitigate losses. Real op-

tions has emerged as an approach that addresses this challenge more successfully

than traditional capital budgeting techniques because it explicitly accounts for the

value of future flexibility (Trigeorgis, 1996). This approach to investment recog-

nizes threats as well as opportunities from uncertain events, and permits a much

richer dynamic framework than was possible with traditional investment theory.

It has become clear that traditional capital budgeting tools, such as net present

value and other techniques based on discounted-cash-flow (DCF) analysis are

not well suited for evaluating risky projects. The traditional DCF approaches

essentially involve discounting the expected net cash flowsfrom a project at a

risk-adjusted discount rate. Under such approaches, the impact of risk is one-

directional: risk is assumed to depress the value of the investment (Trigeorgis,

1999a). As conventionally applied, DCF techniques, which were originally de-

veloped to value passive investments in bonds and stocks, were predicated on the

implicit assumption of passive management, and allowed no flexibility to adapt

and revise later decisions in response to unexpected marketdevelopments. Early

critics (for example, Beardsley and Mansfield, 1978; Hayes and Abernathy, 1980;
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Hayes and Garvin, 1982) recognize that DCF criteria often undervalue investment

opportunities, leading to myopic decisions, underinvestment and eventual loss of

competitive positions, because they either ignore or do notproperly value impor-

tant strategic considerations. Myers (1976) acknowledgesthat traditional DCF

methods have inherent limitations when it comes to valuing investments with sig-

nificant operating or strategic options, suggesting that options pricing holds the

best promise of valuing such investments. The main weaknessin traditional tools

is their inability to capture flexibility : a project approval should not be a commit-

ment to go all the way to market introduction, but only to proceed until further

information arrives (Trigeorgis, 1996).

Managerial flexibility creates real options (Dixit and Pindyck, 1994). Flexi-

bility is valuable if volatility is present, or in other words, if contingencies arise to

which one needs to react. In order to capture project volatility, researchers have

proposed an analog of the financial options pricing formula to understand the ef-

fect of volatility (Newton and Pearson, 1994). Since the option to invest involves

the acquisition of real assets, the theory is termedreal option theory. A call op-

tion on an asset gives the right, with no obligation, to acquire the underlying asset

by paying a pre-specified price on or before a given maturity date. Similarly, a

put option gives the right to sell (or exchange) the underlying asset and receive

the exercise price. The option isAmericanif it can be exercised at any time be-

fore the maturity date, orEuropeanif it can only be exercised on maturity. As

with options on financial securities, management’s flexibility to adapt its future

actions in response to altered future market conditions andcompetitive reactions

expands a capital investment opportunity’s value by improving its upside poten-

tial, while limiting downside losses relative to the initial expectations of a passive

management (Trigeorgis, 1999b). The resulting asymmetry caused by managerial

adaptability lies at the heart of the real option’s value.

The quantitative origins of real options derive from the seminal work of Black

and Scholes (1973) and Merton (1973) in pricing financial options. Cox et al.

(1979) consider a simplified valuation of options in discrete-time using a binomial

approach. Geske (1979) values a compound option, which in principle may be

applied in valuing growth opportunities which become available only if earlier

investments are undertaken. The above line of work providesthe building blocks
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of real options analysis.

The past two decades witnessed a rapidly growing literatureon real options.

For an overview of real option theory and applications, see,for example, Dixit and

Pindyck (1994) and Trigeorgis (1996). The former provides the first detailed ex-

position of the real options approach to the capital investment decisions of firms,

stressing the irreversibility of most investment decisions, and the ongoing uncer-

tainty of the economic environment in which these decisionsare made. The latter

brings together a wealth of previously scattered knowledgeand research on the

new flexibility in corporate resource allocation and in the evaluation of invest-

ment alternatives brought about by the dynamic paradigm of real options. The

real options approach is detailed, coupling a coherent picture of how option the-

ory is used with practical insights into real-world applications.

More recent contributions in this field include Paxson (2003), Schwartz and

Trigeorgis (2004) and Guthrie (2009). Despite enormous theoretical progress,

the practical usage of real options is nonetheless limited.Real options analy-

sis clearly adds an entirely new dimension to strategic thinking but also presents

many practical difficulties. These problems generally fallinto three categories:

finding a model whose assumptions match those of the project being analyzed,

determining the inputs to this model, and being able to mathematically solve the

option pricing algorithm (Bowman and Moskowitz, 2001). These practical diffi-

culties may explain, in part, the limited use of real optionsanalysis in strategic

planning. One approach to solving this problem of misspecified option valuation

models is to create a more advanced, customized option valuation algorithm that

better matches the characteristics of the investment proposal. Applied in this man-

ner, real option theory provides a long-term competitive advantage through better

decision-making.

The considerable amount of risk and flexibility involved in R&D makes real

options valuation an important alternative to other evaluation techniques. Each

stage of R&D investment is analogous to a call option involving decisions to in-

vest in further development or commercialize when the outcome is successful and

the entire process may be viewed as a series of call options. At any point in the

process, there is also an option to abandon the project (analogous to a put option)
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so that only the sunken investment is lost. The real options approach can be ap-

plied at various levels of sophistication depending on the availability of data and

the complexity of the problem.

R&D options are generally European since the decision to invest in further

stages depends on the successful completion of previous R&Dstages and as a

result can not be exercised early. On the other hand, by waiting to introduce

the new product, the company may lose first mover or pioneering advantages,

especially in markets which are characterized by decreasing product-cycles and

growing competition, see for example Urban et al. (1986). Therefore management

will exercise R&D options as soon as it is able to do so (Pennings and Lint, 1997).

The ideas underlying the Black and Scholes formula involve setting up a risk-

less portfolio consisting of a position in the derivative and a position in the stock.

For there to be no arbitrage opportunities, the return from the portfolio must be the

risk-free interest rate. If the portfolio earned more than this return, arbitrageurs

could make a riskless profit by borrowing money to buy the portfolio; if it earned

less, they could make a riskless profit by shorting the portfolio and buying risk-

free securities. This generalization of option pricing, asrefined by Merton (1974,

1977), has become known ascontingent claims analysis. The basic setting of

this approach is an economy with a rich menu of traded assets with different re-

turn and risk characteristics. To value a new asset, we try toreplicate its return

and risk characteristics through a portfolio of existing traded assets. The price of

the new asset must then equal the market value of the portfolio. This approach

has been applied in the valuation of natural resource investments, such as gold

and copper mines and oil deposits, due to the existence of well-developed future

markets for those commodities from which essential market information can be

extracted. With options on R&D projects, however, the underlying assets are non-

traded and finding a twin asset with similar risk characteristics is impractical. In

fact, the major risks of R&D projects are typically project specific and cannot be

replicated in external markets. In particular, technical risks such as the uncer-

tainty over development and manufacturing costs, and actions of competitors, are

not correlated with any asset traded in the financial markets.

An alternative to contingent claims analysis for valuing options on real assets
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is the dynamic programming approach. This approach makes nodemand on the

completeness of financial market. It breaks a whole sequenceof decisions into

just two components according to Bellman’s Principle of Optimality 1: the im-

mediate decision, and a valuation function that encapsulates the consequences of

all subsequent decisions. The optimal sequence of decisions is found by working

backward. Without the existence of a sufficiently rich set ofmarkets in risky as-

sets, the objective function simply reflects the decision maker’s valuations of risk,

and is calculated using an empirical discount rate. Although the two approaches to

valuing real options make different assumptions about financial markets, and the

discount rate that the firm uses to value future cash flows, they are in fact closely

related to each other, and lead to identical results in many applications. For the

equivalence between contingent claims analysis and dynamic programming, see

Dixit and Pindyck (1994). For the reasons described above itis the dynamic pro-

gramming approach that we will use in our analysis.

A striking problem that arises from the observation that R&Dprojects are

non-traded concerns the estimation of their volatility. There are clearly no historic

data from previous projects that can enable us to estimate reliably the volatility

of an R&D project. However, it is a well-established fact that the option value

is very sensitive to the volatility of the underlying asset.Reasonable estimates

of the volatility are therefore required. One possible approach is to use relevant

stock volatility to approximate the volatility resulting from an R&D project. Us-

ing judgements of senior management to attain reasonable values for volatility is

another possible approach (Pennings and Lint, 1997). Largepharmaceutical en-

terprises such as Merck usually assume an annual project volatility between 40

and 60% (Chen, 2004).

In recent years, Monte Carlo simulation has emerged as a popular approach

in dealing with volatility in real options evaluation. It isa powerful technique that

allows for considerable flexibility in the specification of uncertainties. Based on

assumed probability distributions for each uncertainty, alarge number of possible

scenarios can be generated for the underlying project value. The real options value

is then calculated for each for these scenarios, and the average of these values is

discounted back to the present (Triantis, 2001).

1A brief introduction to Bellman equation is given in Appendix D.
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In this chapter we are interested in the European real optionunder incom-

plete information in the presence of discontinuous arrivalof jumps from multiple

sources. We consider the value of an investment opportunityfor which the deci-

sion is whether or not to proceed to clinical trials in a fixed period of time. We

assume that the current value of the new drug and the cost of clinical trials are

given with reasonable accuracy.

6.2 General Valuation Framework and Numerical

Solution

The total uncertainty underlying the value of the new drug isposited to be the

composition of two types of uncertainties: the economic uncertainty which con-

cerns the volatility of the future value of the new drug, due to changes in market

size, changes in interest rates, changes in the economic outlook, or other new in-

formation that causes marginal changes in the new drug’s value, and the technical

uncertainty which is associated with the arrival of rare events that have discrete

effects on the new drug’s value. Examples of these rare events are competitive

entry or arrival of substitute products, a new regulatory decision, and expropria-

tion or political risk. We incorporate these uncertaintiesby allowingW to follow

a stochastic process through time. The economic component of the uncertainty

is modelled by a standard geometric Brownian motion; the technical component

of the uncertainty is modelled by Poisson jump processes reflecting the discrete

impacts of the rare events.

Stochastic processes with discrete events in the context ofoption pricing were

first studied by Merton (1976). Later applications in optionpricing include Ball

and Torous (1985), Amin (1993) and Pennings and Lint (1997).The finance lit-

erature has mostly focused on the case of a single source of rare events. Notable

exceptions are Jones (1984), who studied hedging of financial options under two

classes of jumps, Abraham and Taylor (1993) who considered the pricing of Euro-

pean options when the stock price is subject to both jumps with anticipated arrival

and jumps with random arrival, and Martzoukos and Trigeorgis (2002) who valued

real options when the underlying asset follows a mixed jump-diffusion process in-
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volving various types of rare events.

Here we assume the existence of multiple sources of jumps. Itis assumed

that the arrivals within each type of jump are independentlydistributed Poisson

processes. Letqs denote the Poisson process for types jumps with arrival rateλs,

s = 1, 2, . . . , S. Thus, the probability that no event from sources occurs in the

time intervaldt is 1−λsdt+ o(dt), and the probability that one event from source

s occurs isλsdt+ o(dt), whereo(dt) is the asymptotic order symbol meaning that

ψ(h) = o(h) if limh→0[ψ(h)/h] = 0.

If a rare event occurs from any of the sources, the value of thenew drug falls

by some fixed fraction. Letφs (0 ≤ φs ≤ 1) be the size of this fraction resulting

from the arrival of a rare event from sources. Hence the increment of the Poisson

process

dqs =

{
0, with probability1− λsdt,

φs, with probabilityλsdt.
(6.1)

The presence of multiple sources of jumps implies that thereis an overall Poisson

arrival rate
∑S

i=1 λi of rare events, and the probability that a rare event is from

sources is λs/
∑S

i=1 λi.

The value of the first new drugW is assumed to follow a jump-diffusion

process of the form:

dW = βWdt+ σWdz −W
S∑

s=1

dqs. (6.2)

Hereβ is the drift parameter,σ is the volatility of the project, conditional on no

arrival of important new information (i.e., no rare event occurs) (Merton, 1976),

dz = ǫ
√
dt is a standard Brownian motion, whereǫ ∼ N (0, 1), dqs (s = 1, 2, . . . , S)

are the fractional reductions caused by the Poisson processes described in (6.1)

with E[dqidqj] = E[dqi]E[dqj ] for i 6= j, anddz anddqs are also assumed to be

independent (so thatE[dzdqs] = 0, ∀ s).

Equation (6.2) says thatW will fluctuate as a geometric Brownian motion,

but over each time intervaldt there is a small probability that it will drop to some

proportion of its original value and it will then continue fluctuating until another
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rare event occurs. The presence of the jumps affects the underlying stochastic

process in two ways. First, note that the expected percentage rate of change inW

is notβ, but instead isE[dW ]/Wdt = β−∑S

s=1 φsλs, thus increases inλs reduce

the expected rate of capital gain onW by increasing the chances of sudden drops

in W . Second, because rare events occur only infrequently, mostof the time the

variance ofdW/W over a short interval of timedt is just that of the Brownian

motion part. However, if a rare event occurs, it contributesa very large deviation,

so its contribution to the variance cannot be neglected. To examine these two

components of the variance, let us setβ = 0 for simplicity. Then

E[dW ] = −W
S∑

s=1

φsλsdt,

E[(dW )2] = E[σ2W 2(dz)2 − 2σW 2

S∑

s=1

dqsdz + 2W 2
∑

i 6=j

dqidqj +W 2

S∑

s=1

(dqs)
2],

= σ2W 2dt− 2σW 2
S∑

s=1

φsλsdzdt+ 2W 2
∑

i 6=j

φiφjλiλj(dt)
2 +W 2

S∑

s=1

φ2
sλsdt,

= σ2W 2dt+W 2
S∑

s=1

φ2
sλsdt,

where(dz)2 = dt, and terms indzdt and(dt)2 are ignored, following the rules for

Itô’s formula. 2

V [dW ] = E[(dW )2]− {E[dW ]}2

= σ2W 2dt+W 2

S∑

s=1

φ2
sλsdt− 0

= σ2W 2dt+W 2
S∑

s=1

φ2
sλsdt. (6.3)

The first term on the right side of equation (6.3) ,σ2W 2dt, is the instantaneous

variance ofdW , which comes from the Brownian motion part of the process, and

is conditional on no jump occurring. The second term,W 2
∑S

s=1 φ
2
sλsdt, accounts

for the possibility of a jump.

2See Appendix E for an introduction to Itô’s formula.
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Now return to our valuation problem, where the firm at the current timeϕ has

an option to invest in clinical trials at the cost ofI in τ years time. Recall thatp is

the probability that a CD passes through all phases of clinical trials, thuspWϕ+τ

is the expected value of the new drug at timeϕ + τ . If the expected value of the

new drug at timeϕ + τ is greater than the total expected cost of investmentI,

the decision will be to proceed to clinical trials, while forvalues less thanI the

project will be abandoned. Thus the payoff at timeϕ+ τ ismax{pWϕ+τ − I, 0}.

Denote byF (Wϕ, t, τ) the expected present value of this future payoff at timet

(t ≥ ϕ),

F (Wϕ, t, τ) = e−γ(ϕ+τ−t)E[max{pWϕ+τ − I, 0}], (6.4)

whereE denotes the expectation,Wϕ is the current value of the new drug,τ is the

time to maturity of this investment opportunity, andγ is the discount rate.

Since the investment opportunity,F (Wϕ, t, τ), yields no cash flows up to

timeϕ+ τ when a CD is ready for submission to clinical trials (or sold to another

company), the only return from holding it takes the form of capital appreciation.

Hence the Bellman equation forF (Wϕ, t, τ), the value of the investment opportu-

nity at timet, is

γFdt = E[dF ]. (6.5)

Equation (6.5) says that over the time intervaldt, the total expected return on the

investment opportunity,γFdt, is equal to its expected rate of capital appreciation.

Applying Itô’s formula to the calculation ofdF we have

dF =
∂F

∂t
dt +

∂F

∂W
dW +

1

2

∂2F

∂W 2
(dW )2. (6.6)
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Here

(dW )2 = (βWdt)2 + σ2W 2(dz)2 + (W
S∑

s=1

dqs)
2 + 2βσW 2dzdt

−2βW 2
S∑

s=1

dqsdt− 2σW 2
S∑

s=1

dqsdz

= 0 + σ2W 2dt+ 2W 2
∑

i 6=j

dqidqj +W 2

S∑

s=1

(dqs)
2 + 0− 2βW 2

S∑

s=1

dqsdt

−2σW 2

S∑

s=1

dqsdz

= σ2W 2dt+ 2W 2
∑

i 6=j

dqidqj +W 2
S∑

s=1

(dqs)
2 − 2βW 2

S∑

s=1

dqsdt

−2σW 2
S∑

s=1

dqsdz. (6.7)

Substituting (6.7) and (6.2) into equation (6.6) and takingthe expectation we

get

E[dF ] = [
∂F

∂t
+ βW

∂F

∂W
+

1

2
σ2W 2 ∂

2F

∂W 2

+
1

2
W 2

S∑

s=1

φ2
sλs

∂2F

∂W 2
−W

S∑

s=1

φsλs
∂F

∂W
]dt. (6.8)

Now substituting equation (6.8) back into equation (6.5) and dividing through

by dt, the value of the investment opportunityF (Wϕ, t, τ) must satisfy

1

2
W 2(σ2 +

S∑

s=1

φ2
sλs)FWW +W (β −

S∑

s=1

φsλs)FW + Ft − γF = 0, (6.9)

subject to the following boundary conditions

F (0, t, τ) = 0, (6.10)

F (Wϕ, ϕ+ τ, τ) = max{pWϕ+τ − I, 0}. (6.11)
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Equation (6.9) is difficult to solve analytically, but it is not difficult to obtain a

solution numerically using the finite difference method. The finite difference ap-

proach suggested by Schwartz (1977) and Brennan and Schwartz (1978), solves

the underlying differential equation by converting it intoa difference equation.

There are two alternative ways of implementing the finite difference approach.

The first, known as the implicit finite difference method, relates the value of the

derivative at timet +∆t to three alternative values at timet. The second, known

as the explicit finite difference method, relates the value of the derivative at timet

to three alternative values at timet+∆t. We shall use the explicit finite difference

method to solve equation (6.9) subject to its associated boundary conditions (6.10)

and (6.11). It has the advantage of being computationally simpler and avoids the

need to specify further boundary conditions.

To make the explicit finite difference method more computationally efficient

and to ensure the convergence of its numerical solution, we begin by making a

logarithmic transformation onW . Define

Z ≡ Ln(W ), (6.12)

H(Z, t, τ) ≡ F (W, t, τ), (6.13)

so that

FW = HZe
−z, FWW = (HZZ −HZ)e

−2Z , Ft = Ht. (6.14)

Equation (6.9) then becomes

1

2
(σ2 +

S∑

s=1

φ2
sλs)HZZ + (β −

S∑

s=1

φsλs −
σ2 +

∑S
s=1 φ

2
sλs

2
)HZ +Ht − γH = 0. (6.15)

Notice that equation (6.15) unlike (6.9) is a partial differential equation with con-

stant coefficients. This simplifies the numerical analysis,and makes it possible to

employ an explicit finite difference approximation to (6.15), whereas the explicit

finite difference approximation to (6.9) is in general unstable. 3

The finite difference method transforms continuous variablesZ and t into

discrete variables, and replaces the partial derivatives in equation (6.15) with finite

3For issues relating to the convergence and stability of the explicit difference method, see, for

example Geske and Shatri (1985), or Hull and White (1990).
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differences. Define∆t and∆Z to be the discrete increments in the value oft and

Z, respectively. A grid consisting of a total of(N+1)(M+1) points is constructed

for considering values ofH when the timet is equal to

ϕ, ϕ+∆t, ϕ+ 2∆t, . . . , ϕ+ τ,

andZ is equal to

ψ, ψ +∆Z, ψ + 2∆Z, . . . , Ψ,

whereψ = Ln(minW ) andΨ = Ln(maxW ). minW andmaxW are the small-

est and largest possible values ofW considered by the model. In addition, Ln(0)

is undefined so we letminW ≥ 1 so thatψ ≥ 0.

The(i, j) (i = 0, 1, . . . , N , j = 0, 1, 2, . . . ,M) point on the grid is the point

that corresponds toϕ + i∆t andψ + j∆Z. We denote byHij the value of the

optionH at the(i, j) point. The partial derivatives ofH with respect toZ can be

approximated as follows,

∂H

∂Z
=

Hi+1,j+1 −Hi+1,j−1

2∆Z
, (6.16)

∂2H

∂Z2
=

Hi+1,j+1 +Hi+1,j−1 − 2Hi+1,j

∆Z2
, (6.17)

and the time derivative is approximated as

∂H

∂t
=

Hi+1,j −Hi,j

∆t
, (6.18)

for i = 0, 1, . . . , N − 1 andj = 1, 2, . . . ,M − 1.

Substituting equations (6.16), (6.17) and (6.18) into the differential equation

(6.15) gives

Hi,j =
1

1 + γ∆t
(aHi+1,j−1 + bHi+1,j + cHi+1,j+1), (6.19)

where

a =
(
− β −∑S

s=1 φsλs −
σ2+

∑S
s=1

φ2sλs

2

2∆Z
+
σ2 +

∑S
s=1 φ

2
sλs

2∆Z2

)
∆t,

b = 1− σ2 +
∑S

s=1 φ
2
sλs

∆Z2
∆t, and

c =
(β −∑S

s=1 φsλs −
σ2+

∑S
s=1 φ

2
sλs

2

2∆Z
+
σ2 +

∑S

s=1 φ
2
sλs

2∆Z2

)
∆t.
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For any value ofi (i = 0, 1, . . . , N), equation (6.19) allows us to solve for

Hij in terms ofHi+1,j. The extreme valuesHN,j (j = 0, 1, . . . ,M) are given

by the boundary condition (6.11), which says the value of theoptionF at time

ϕ+ τ is max{pWϕ+τ − I, 0}. This is equivalent to saying thatH(Zϕ, ϕ+ τ, τ) =

max{peZϕ+τ − I, 0}. Hence,

HN,j = max{peψ+j∆Z − I, 0}, j = 0, 1, . . . ,M.

The value of the option after transformation,H(Zϕ, ϕ, τ) at current timeϕ, is by

definitionH0,j∗, for some particularj∗ such thateψ+j
∗∆Z =Wϕ. It then remains to

use equation (6.19) to calculateH0,j∗ starting fromHN,j and working backwards.

Notice that the coefficients of (6.19) are independent ofj and thata+ b+ c =

1. For the stability and convergence of the explicit solution, a sufficient condition

is that the coefficientsa, b andc be positive as∆t and∆Z → 0 (Ames, 1977).

For this condition to be satisfied it is necessary that∆t and∆Z be chosen so that

(σ2 +

S∑

s=1

φ2
sλs)

∆t

∆Z2
< 1. (6.20)

The simplest procedure is to let∆t and∆Z approach0 in such a way that∆t/∆Z2

remains constant and less than1/(σ2+
∑S

s=1 φ
2
sλs). In most cases, a good choice

for ∆Z is
√

3(σ2 +
∑S

s=1 φ
2
sλs)∆t (Hull, 2008, p. 443).

6.3 Calculations of Profitability for (s, n) and FI

Policies

Now we have formulated the option valuation model to value aninvestment op-

portunity (i.e., whether to invest in clinical trials inτ years time) that is subject

to multiple sources of jumps. To incorporate this option value into the OPRRA

model, we setS = 3. The three sources of jumps are assumed to be the type

A, type B and type C obsolescence events. Recall thatfi denotes the fraction by

which the occurrence of a typei obsolescence event reduces the value of the new
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drug, andξi is the corresponding arrival rate,i = A,B,C. Hence we have

φ1 = fA, φ2 = fB, φ3 = fC , and

λ1 = ξA, λ2 = ξB, λ3 = ξC.

The value of the investmentI should equal the total expected cost of clinical trials,

henceI = cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII .

With the assumptions set out above, we can now incorporate the option val-

uation model in the calculations of profitability in the different candidate drug

selection policies that we have considered in previous chapters. Note that in all of

our previous calculations we evaluate the expected total reward as the net reward

after deduction of the cost of clinical trials. This expected net present value can be

replaced byF (Wϕ, t, τ) as defined in equation (6.4), which itself is an expected

maximized net present value. The corresponding expected costs concerning pre-

clinical stages stay as they are in previous calculations.

First we consider the calculations for(s, n) policies. The expected net present

value of the first CD given that the first LS is successfully optimized in equation

(4.3) can be replaced byF (W0, 0, t1 + t2 + t4), whereW is given by equation

(6.2) with starting valueW0, and has types A, B and C obsolescence events as

distinct sources of jumps. The option value of the second CD from the same LS is

F (ηW0, 0, t1+t2+t4+t5), and for thekth CD the option value isF (ηk−1W0, 0, tt+

t2 + t4 + (k − 1)t5).

To generalize the result further we letT = t1 + t2 + t4 and use a subscript

‘o’ in the notation that follows to differentiate from corresponding notation used

in previous chapters. We can write

Ro(1, 1) = p1(p21 + p22)p4
[
F (W0, 0, T ) + F (ηW0, 0, T + t5) + . . .

+F (ηk1−1W0, 0, T + (k1 − 1)t5)
]
,
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Ro(1, n) = p1(p21 + p22)p4
[ k1∑

m=1

F (ηm−1W0, 0, T + (m− 1)t5)
]

+p1(p21p3 + p22)q4p4
[ k1∑

m=1

F (ηm−1W0, 0, T + t4 + (m− 1)t5)
]

. . .

+p1(p21p
n−1
3 + p22p

n−2
3 )qn−1

4 p4
[ k1∑

m=1

F (ηm−1W0, 0, T + (n− 1)t4 + (m− 1)t5)
]

=

n∑

j=1

p1(p21p
j−1
3 + p22p

j−2
3 )qj−1

4 p4
[ k1∑

m=1

F (ηm−1W0, 0, T + (j − 1)t4 + (m− 1)t5)
]
.

(with the convention thatp−1
3 = 1 )

The value of the first CD from the second successfully optimized LS given

thatk1 CDs have been taken from the first successfully optimized LS in equation

(4.4) can be written asF
(
(pbη

k1 + 1 − pb)W0, 0, T + ρt4 + (k1 − 1)t5
)
, and we

have

Ro(2, 2) = p1(p21 + p22)p4
[ k1∑

m=1

F (ηm−1W0, 0, T + (m− 1)t5)
]

+p1(p21p3 + p22)q4p4
[ k1∑

m=1

F (ηm−1W0, 0, T + t4 + (m− 1)t5)
]

+p1(p21p3 + p22)p
2
4

[ k2∑

m=1

F
(
(pbη

k1 + 1− pb)η
m−1W0, 0,

T + (k1 − 1)t5 + ρt4 + (m− 1)t5
)]
,

Ro(2, n) = Ro(1, n) + (p1p21p3p
2
4 + p1p22p

2
4)

[
n−1∑

j=1

j∑

i=1

(p3q4)
j−1

( k2∑

m=1

F
(
(pbη

k1 + 1− pb)η
m−1W0, 0,

T + (i− 1)t4 + (j − i+ 1)ρt4 + (k1 − 2 +m)t5
))
]
.
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Finally, for s = 3 we have

Ro(3, n) = Ro(2, n) + (p1p21p3p
3
4 + p1p22p

3
4)

[
n−2∑

j=1

pj3q
j−1
4

j∑

i=1

×

( k3∑

m=1

F
(
(pbη

k1 + 1− pb)(pbη
k2 + 1− pb)η

m−1W0, 0,

T + (i− 1)t4 + (j − i+ 2)ρt4 + (k1 + k2 +m− 3)t5
))
]
.

Note that to calculateRo(1, n),Ro(2, n) andRo(3, n)we need to apply the explicit

finite difference procedure fornk1, nk1+n(n−1)k2/2 andnk1+n(n−1)k2/2+

(n− 1)(n− 2)k3/2 times, respectively.

We can calculate the optimal allocations of effort at each successive stage

of a pre-clinical R&D project by using the profitability index criterion and the

internal rate of return criterion as we did for the initial model described in section

4.3.3. Because the calculation ofF (Wϕ, t, τ) depends on the discount rateγ, this

implies that when optimizing the IRR with respect to the effort allocations we need

to calculateRo(s, n) using the explicit finite difference method at every iteration

in the Newton-Raphson procedure. However, for moderate degrees of accuracy

(e.g., by setting∆t = 0.001) the explicit finite difference procedure is reasonably

fast. Therefore the above task should not be too computationally challenging.

Next we consider the calculations needed in applying FI policies. In an FI

policy, the values ofPI(CD), PI(LS) and the reference PI are compared at each

decision point. The decision to take an additional CD means that we hold a call

option which matures int5 years’ time. Hence the expected value of the next CD

is

roCD = e−γtF (Wt, t, t5)

= e−γtF (
∏

i∈Θ\S

(pbη
bi + 1− pb)η

κW0, t, t5), (6.21)

wheret is the time at which the decision needs to be taken, andbi is the number

of CDs selected from theith optimized LS,Θ is the set of all LS from which CDs
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have been selected,S is the youngest LS from which we will choose the next CD,

andκ is the number of CDs we have taken from the youngest LS.4

Similarly, the decision to optimize a new LS means that we will in effect hold

a sequence of call options with the first one maturing int4 years’ time. As we

have noted in section 3.1, the value ofPI(LS) depends on whether stage 3 is

to be carried out alongside stage 4, and determining its value involves evaluating

the rewards and costs of two successive LS. The relevant rewards in determining

PI(LS) are the expected reward for a single attempt to optimize a newLS, the

expected reward for a further attempt to optimize a new LS following a first un-

successful attempt, and the expected reward for a further attempt to optimize a

new LS following a first successful attempt. Denote these expected rewards by

ro1, ro2 andro3, respectively.

Hence

ro1 = e−γtp4

k∗∑

m=1

F (
∏

i∈Θ

(pbη
bi + 1− pb)W0, t, t4 + (m− 1)t5), (6.22)

ro2 = e−γtp4

k∗∑

m=1

F (
∏

i∈Θ

(pbη
bi + 1− pb)W0, t, 2t4 + (m− 1)t5), (6.23)

ro3 = e−γtp4

k∗∑

m=1

F (
∏

i∈Θ

(pbη
bi + 1− pb)(pbη

k⋆ + 1− pb)W0, t,

t4 + ρt4 + (k⋆ +m− 2)t5). (6.24)

The above calculations are for FI policies in a fixed probabilities setting. Equa-

tions (6.21) to (6.24) correspond to equations (B.1), (B.2), (B.3), and (B.4) in

Appendix B.1, respectively. The calculations needed in determiningPI(CD)

andPI(LS) in an adaptive probabilities setting may be carried out in a similar

manner.

4This notation and the notation that follows is defined in Appendix B.1.
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Chapter 7

Tests on Optimization Procedures

In this chapter we report the findings of investigations conducted on OPRRA’s

profitability index optimization procedures. OPRRA offersthree different types

of policy that may be used to optimize the PI, namely, the(s, n) policy and the FI

policy in its restricted and its general forms. The main aim is to assess and com-

pare the performances of the associated procedures so as to give recommendations

on the use of OPRRA.

7.1 Optimization Procedures

The procedures used to evaluate, and in some cases also to optimize, PI are as

follows.

• (s, n) expectation algorithm (SNEA). This algorithm evaluates PI for

given resource rate allocationsu1, u2, u3, u4 andu5 for the five stages of

discovery and given values ofs andn. It can optimize the allocations for

givens andn using numerical optimization procedures. The valuess∗ and

n∗ of s andn which lead to the overall optimal value ofPI∗ may be de-

termined by repeatedly running the algorithm with different values ofs and

n.

• FI simulation. This algorithm provides a distribution of outcomes for given
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allocations, using FI to select successive CDs. It is used toprovide estimates

for PI using optimal allocations calculated bySNEA for (s, n) = (s∗, n∗)

(FISIM∗), and for (s, n) = (1, 1) (FISIM11), with the reference PI

equal to the optimal PI calculated withSNEA for the corresponding(s, n).

• Restricted FI expectation algorithm (RFIEA). This is the algorithm de-

scribed in section 3.2 for sequential CD selection. In OPRRAthere are two

extensions to that algorithm. First, the expression forrij is modified to al-

low for the possibility thatγ1 6= γ2. Second, there is a modification which

ensures stage 3 is only carried out if there is a possibility that the resulting

LS will be used. It is implemented with allocations optimized usingSNEA

with (s, n) = (1, 1).

As the general FI policy is too complex to be evaluated analytically, we assess the

performance of FI policies by simulating the candidate drugselection process.

A simulation of any system or process in which there are inherently random

components requires a method of generating numbers that arerandom. Thus a

good random number generator (RNG) is essential for obtaining accurate sim-

ulation results. The RNG we use in the simulation study is a mixed generator

recommended in the book by Press and Teukolsky (2007), with aperiod length of

1.8× 1019.

A replication is a run of a simulation model that uses a specific stream of

random numbers. Different streams of random numbers are used for different

replications of simulation in our study to ensure the accuracy of the estimate. Each

run of the simulation results in a reward and a cost for the project. LetXj andYj
be the reward and cost obtained on thejth run for j = 1, 2, ...n. Then theXj ’s

andYj ’s are i.i.d. random variables. Thus the sample meansX =
∑n

i=1
Xi

n
and

Y =
∑n

i=1 Yi
n

are unbiased estimators of the population means for reward and cost,

and the sample variancesS2
X =

∑n
i=1

[Xi−X]2

n−1
andS2

Y =
∑n

i=1
[Yi−Y ]2

n−1
are unbiased

estimators of the population variances for reward and cost.Denote byPI = X

Y

the averagePI for the project. The corresponding estimated variance forPI is

derived using the delta method (see, for example Casella andBerger, 2001), which

gives
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V̂ ar(
X

Y
) =

1

n
[
X

2

Y
4 S

2
Y +

S2
X

Y
2 − 2X

Y
3 Cov(X, Y )],

and therefore the95% confidence interval forPI is

[
X

Y
− 1.96

√

V̂ ar(
X

Y
),
X

Y
+ 1.96

√

V̂ ar(
X

Y
)].

We set the number of runsn = 100, 000 in all of the simulation tests.

7.2 Parameter Values

The OPRRA model requires 33 input parameters. They are: two firm-specific

parametersγ andα, six project-specific parametersW , ν1, ν2, λ, pa, andpb, and

25 stage/phase specific parametersp1, p21, p22, p3, p4, t1, t2, t3, t4, t5, u1, u2, u3,

u4, u5, pI , pII , pIII , tI , tII , tIII , cI , cII , cIII andρ. In this studyp22 is set to0 so

that we are able to compare the other procedures withRFIEA, in whichp22 = 0.

Throughout the studies in this chapter and in chapter 8 effectiveness function

(4.2) is assumed, with a minimal duration of3 months, a cap of70 scientists for

each stage, a15% loss of efficiency with3uf scientists, and a32% loss of effi-

ciency with5uf scientists as compared with the maximal efficiency withuf = 14

scientists. To simplify our discussion we also make the broadly realistic assump-

tion that the costs of clinical trials are proportional to their durations, (i.e.,cI
tI

, cII
tII

,

and cIII
tIII

are constants), so that the values oftI , tII andtIII are determined bycI ,

cII andcIII .

500 sets of input parameters are chosen to study the various optimization

procedures. Each of the input parameters is randomly and independently drawn

from its own specified uniform distribution displayed in Table 7.1. The input

parameter ranges are chosen so as to include many of the values which are likely

to occur in practice. However, 155 of the simulated projectsare excluded from

the study due to negativePI∗ or optimization failure for SNEA1. All numbers in

1The Newton-Raphson procedure is abandoned if the number of iterations exceeds the maxi-

mum number of allowed iterations. This accounts for 5 out of the 155 excluded projects
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the results are rounded to an accuracy of three decimal places.

7.3 Numerical Results

For the remaining 345 projects, thePI∗ ranges from0.001 to 4.093 and has a

mean value of0.292. Only 20 projects are profitable, withPI∗ > 1, the vast

majority of projects being loss making2. 198 projects have(s∗, n∗) = (1, 1), 77

projects have(s∗, n∗) = (1, n∗ > 1), 43 projects have(s∗, n∗) = (2, n∗) and 27

projects have(s∗, n∗) = (3, n∗).

For the57% of projects with(s∗, n∗) = (1, 1), there are just three distinct

procedures:SNEA, FISIM11 = FISIM∗ andREFIA. The optimal solu-

tions from all three solution algorithms take simple forms.They lead to the same

decisions on the selection of CDs and give the same value forPI.

When (s∗, n∗) 6= (1, 1), we useSNEA to calculate bothPI∗ andPI11,

wherePI11 is the optimalPI for the project when(s, n) is set at(1, 1). Define

∆ = PI∗

PI11
, the ratio of the overall optimalPI to the optimalPI at (s, n) =

(1, 1). Let PIFI , PIFI11 andPIRFI be the outputs ofFISIM∗, FISIM11

andRFIEA, respectively. We setPI∗ as the baseline measure and assess the

performance ofFISIM∗, FISIM11 andRFIEA by comparing their outputs

to the baseline. DefinePFI =
PIFI

PI∗
, PFI11 = PIFI11

PI∗
andPRFI =

PIRFI

PI∗
to be the

performance scores ofFISIM∗, FISIM11 andRFIEA. A performance score

greater than one means outperforming the baseline, whereasa score less than one

means underperforming.

Figure 7.1 plots the distribution of∆ for cases where(s∗, n∗) 6= (1, 1). The

mean value of∆ is 1.086, indicating that on averagePI∗ only outperformsPI11

by less than10%. By plotting∆ againsts∗, we see that on average∆ tends to be

bigger whens∗ is bigger (Figure 7.2). The maximum value of∆ is 1.667, which

occurred withs∗ = 3. (The relationship between the parameter values ands∗ is

discussed in the next chapter.)

2Note this is broadly in line with the distribution of profitability for commercial pharmaceutical

projects, see section 1.1.
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Table 7.1:Input parameter ranges.

Parameter Minimum Maximum

λ 0.5 0.9

u1 3 15

u2 6 30

u3 6 30

u4 6 30

u5 6 30

t1 0.5 4.5

t2 0.3 3.0

t3 0.3 3.0

t4 0.8 7.5

t5 0.5 4.5

p1 0.3 0.9

p21 0.3 0.6

p3 0.4 0.8

p4 0.4 0.8

pa 0.84 0.96

pb 0.4 0.8

ρ 0.7 0.9

ν1 0.03 0.25

ν2 0.03 0.25

γ 0.05 0.15

pI 0.4 0.7

pII 0.3 0.6

pIII 0.5 0.8

cI 0.2 million 0.8 million

cII 0.6 million 2.4 million

cIII 6.5 million 26 million

W 500 million 2000 million

α 0.2 million 2 million
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Figure 7.1:The distribution of∆.

Figure 7.3 shows the plots ofPFI ,PFI11 andPRFI againsts∗. The plots reveal

that the average performance scores ofFISIM∗ andFISIM11 both appear to

be equal to one for all values ofs∗, suggesting thatFISIM∗ andFISIM11 on

average perform equally as well asSNEA. It also suggests thatFISIM11 is

as good asFISIM∗ as little difference can be seen between the performances of

these two procedures. This is confirmed by a p-value of0.1 from the two sample

paired t-test on the values ofPIFI andPIFI11, which does not reject the null

hypothesis that the true difference in means is equal to0. PFI ranges from0.854

to 1.189. However, cases whereFISIM∗ either underperforms or outperforms

SNEA by 10% are relatively few, (i.e.,PFI < 0.9 or> 1.1), which only account

for about7% of the cases. Note thatPIFI andPIFI11 are obtained by Monte

Carlo simulation and are thus subject to random variation.

Three linear models are fitted usingPFI as the response and∆ as the ex-

planatory variable fors∗ = 1 (with n∗ > 1), s∗ = 2 ands∗ = 3, respectively. The

results of the linear models show that∆ has no effect onPFI whens∗ = 1 and2.

However, there is strong evidence (P < 0.0001) of positive correlation between

PFI and∆ whens∗ = 3. This suggests that the FI simulation method is likely
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Figure 7.2:Plot of∆ againsts∗.

to work better when both∆ and the optimal number of LS to be optimized are

big. An effect estimate of0.161 suggests that a one unit increase in∆ would lead

to a16% increase in performance ofFISIM∗ relative toSNEA whens∗ = 3.

This is also true forPFI11. We therefore recommend using bothSNEA and FI

simulation whens∗ = 3 and∆ is bigger than the average value of1.1

The performance ofRFIEA, on the other hand, decreases ass∗ increases.

The performance scorePRFI varies from.998 to 1.006 when(s∗, n∗) =

(1, n∗ > 1), indicating thatRFIEA andSNEA have almost exactly the same

performance (to 3 d.p.). This result is a bit surprising as weproved in section 3.2

thatRFIEA is optimal when the number of LS to be optimized is restrictedto

one. Further investigations were conducted on the breakdowns ofRFIEA and

SNEA results. We have seen that althoughRFIEA has the advantage of allow-

ing different number of CDs at each attempt to optimize an LS,this advantage is

undermined by the heavy discounting of the rewards and costsof later CDs. The

effects of later CDs on the overall PI is very small. HenceRFIEA does not out-

performSNEA very much in terms of PI. The mean ofPRFI is 0.971 and 0.913

whens∗ = 2 ands∗ = 3, respectively, thoughPRFI can get as low as0.724 when
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s∗ = 3. This means thatRFIEA is likely to underperformSNEA whens∗ > 1,

which is understandable asRFIEA is restricted to allow at most one LS.
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Figure 7.3:Plots ofPFI , PFI11 andPRFI againsts∗.

The most striking aspect of the results is the strong performance ofSNEA.

FISIM∗ andFISIM11 on average perform equally as well asSNEA, and

so doesRFIEA whens∗ = 1. There are cases whenFISIM∗ andFISIM11

outperformSNEA, (i.e., the lower limit of the95% CI of PIFI orPIFI11 > PI∗)

but these cases are rare (6%) and the level of outperformance is not substantial
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(max 19%). This means we can useSNEA with confidence. Here we present

seven cases selected from the study. Their parameter valuesare shown in Table

7.3. The results are displayed in Table 7.2.

Based on the results of this study, we give the following recommendation on

the use of OPRRA regarding the PI optimization procedures wediscussed in this

chapter.

• Start withSNEA. It is the most comprehensive procedure as it not only

calculates the optimal PI but also the optimal allocations.For given values

of s andn, SNEA gives the optimal allocations and PI, and it is also able

to gives∗, n∗ andPI∗ by repeatedly running the algorithm.

• Whens∗ = 1 interested users can useRFIEA to check the optimal number

of attempts for stage4 and the optimal number of CDs to take at each at-

tempt. However the resulting overall optimal PI will not be much different

from the PI given bySNEA.

• When s∗ = 3 and∆ > 1.1 we recommend using bothSNEA and FI

simulation, as the latter method is likely to achieve a higher PI in these

circumstances.

Table 7.2:Profitability Index values for the selected cases.
SNEA FISIM and95% CI RFIEA

Project s∗ n∗ ∆ (s∗, n∗) (1, 1) (s∗, n∗) (1, 1) (1, 1)

1 1 1 1 2.049 * 2.066(2.008 2.123) * 2.049

2 1 5 1.126 0.143 0.127 0.143(0.140 0.146) 0.141(0.138 0.143) 0.143

3 1 6 1.135 0.312 0.275 0.311(0.306 0.317) 0.311(0.306 0.316) 0.313

4 2 2 1.032 1.418 1.374 1.448(1.427 1.468) 1.453(1.433 1.474) 1.387

5 2 5 1.046 0.113 0.108 0.115(0.111 0.119) 0.115(0.111 0.119) 0.113

6 3 3 1.146 0.455 0.397 0.458 (0.451 0.465) 0.485(0.478 0.493) 0.402

7 3 4 1.156 0.830 0.718 0.894 (0.876 0.912) 0.888(0.870 0.906) 0.762
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Chapter 7 Tests on Optimization Procedures

Table 7.3:Parameter values for the selected cases.
Project 1 (s∗, n∗) = (1, 1)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.304, 0.342, 0.788, 0.620, 0.913, 0.652, 0.662, 0.575, 0.624, 1.353, 2.917, 3.215)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.088, 0.057, 0.100, 0.869, 0.796, 0.214m, 1263.526m, 0.541m, 1.750m, 13.930m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (11, 15, 15, 12, 10, 0.594, 0.319, 1.622, 6.933, 3.129)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (21, 19, 12, 50, 53, 0.318, 0.250, 2.084, 0.758)

Project 2 (s∗, n∗) = (1, 5)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.565, 0.495, 0.654, 0.464, 0.892, 0.517, 0.528, 0.534, 0.780, 0.618, 2.707, 2.423)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.132, 0.140, 0.228, 0.869, 0.739, 1.155m, 1303.707m, 0.247m, 1.624m, 10.500m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (6, 20, 16, 6, 28, 2.686, 1.913, 0.789, 3.392, 0.818)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (38, 51, 33, 70, 67, 0.484, 0.932, 0.428, 0.462)

optimal outputs at(s, n) = (1, 1): (u111 , u
11
2 , u

11
3 , u

11
4 , u

11
5 , t

11
1 , t

11
2 , t

11
4 , t

11
5 ) = (6, 48, 32, 66, 70, 0.503, 0.967, 0.439, 0.453)

Project 3 (s∗, n∗) = (1, 6)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.606, 0.438, 0.564, 0.446, 0.871, 0.727, 0.628, 0.506, 0.601, 1.763, 2.935, 1.605)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.073, 0.041, 0.141, 0.611, 0.818, 1.452m, 1959.007m, 0.705m, 1.761m, 6.954m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (3, 26, 17, 17, 9, 2.455, 2.775, 0.674, 1.845, 2.492)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (25, 34, 17, 63, 58, 0.307, 2.240, 0.689, 0.516)

optimal outputs at(s, n) = (1, 1): (u111 , u
11
2 , u

11
3 , u

11
4 , u

11
5 , t

11
1 , t

11
2 , t

11
4 , t

11
5 ) = (24, 33, 15, 51, 61, 0.318, 2.291, 0.773, 0.503)

Project 4 (s∗, n∗) = (2, 2)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.525, 0.584, 0.459, 0.738, 0.873, 0.634, 0.631, 0.583, 0.747, 0.543, 1.495, 3.231)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.100, 0.086, 0.129, 0.677, 0.748, 0.494m, 1687.803m, 0.217m, 0.897m, 14.001m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (11, 6, 26, 23, 9, 3.610, 0.820, 0.530, 0.830, 4.285)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (32, 19, 37, 65, 49, 1.356, 0.25, 0.403, 0.978)

optimal outputs at(s, n) = (1, 1): (u111 , u
11
2 , u

11
3 , u

11
4 , u

11
5 , t

11
1 , t

11
2 , t

11
4 , t

11
5 ) = (32, 19, 33, 55, 48, 1.356, 0.25, 0.439, 0.991)

Project 5 (s∗, n∗) = (2, 5)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.360, 0.345, 0.720, 0.682, 0.881, 0.714, 0.580, 0.576, 0.517, 1.095, 3.142, 4.811)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.055, 0.167, 0.186, 0.545, 0.734, 0.520m, 1880.329m, 0.438m, 1.885m, 20.848m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (11, 8, 20, 21, 16, 3.268, 0.380, 1.419, 1.637, 2.245)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (42, 12, 50, 70, 70, 1.007, 0.250, 0.708, 0.753)

optimal outputs at(s, n) = (1, 1): (u111 , u
11
2 , u

11
3 , u

11
4 , u

11
5 , t

11
1 , t

11
2 , t

11
4 , t

11
5 ) = (40, 12, 50, 70, 70, 1.041, 0.250, 0.708, 0.753)

Project 6 (s∗, n∗) = (3, 3)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.828, 0.589, 0.679, 0.790, 0.894, 0.639, 0.448, 0.529, 0.710, 0.595, 1.698, 2.738)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.133, 0.049, 0.230, 0.650, 0.755, 0.600m, 1717.970m, 0.238m, 1.019m, 11.863m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (3, 25, 13, 9, 11, 4.431, 1.796, 0.768, 2.387, 4.231)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (26, 35, 21, 58, 42, 0.542, 1.370, 0.491, 1.302)

optimal outputs at(s, n) = (1, 1): (u111 , u
11
2 , u

11
3 , u

11
4 , u

11
5 , t

11
1 , t

11
2 , t

11
4 , t

11
5 ) = (27, 35, 19, 49, 52, 0.522, 1.373, 0.541, 1.140)

Project 7 (s∗, n∗) = (3, 4)

(p1, p21, p3, p4, pa, pb, pI , pII , pIII , tI , tII , tIII) = (0.417, 0.546, 0.678, 0.604, 0.955, 0.443, 0.555, 0.464, 0.694, 1.795, 2.680, 4.120)

(γ, ν1, ν2, λ, ρ, α,W, cI, cIII , cIII) = (0.052, 0.093, 0.130, 0.800, 0.823, 0.453m, 1822.191m, 0.718m, 1.608m, 17.853m)

initial inputs(u1, u2, u3, u4, u5, t1, t2, t3, t4, t5) = (5, 10, 15, 8, 19, 1.742, 2.859, 0.679, 2.431, 3.061)

optimal outputs:(u∗1, u
∗
2, u

∗
3, u

∗
4, u

∗
5, t

∗
1, t

∗
2, t

∗
4, t

∗
5) = (27, 38, 22, 52, 48, 0.342, 0.861, 0.478, 1.483)

optimal outputs at(s, n) = (1, 1): (u111 , u
11
2 , u

11
3 , u

11
4 , u

11
5 , t

11
1 , t

11
2 , t

11
4 , t

11
5 ) = (26, 36, 21, 47, 45, 0.348, 0.893, 0.514, 1.541)
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Chapter 8

Effects of Model Parameters

In the previous chapter we came to the conclusion thatSNEA is the most compre-

hensive and reliable optimization procedure available andmay be recommended

with confidence most of the time. In this chapter we further investigate the rela-

tionship between the model parameters and theSNEA outputs.

The objectives of this study are to identify the sets of parameters that con-

tribute most to the variations ofPI∗ ands∗ under an(s, n) policy, and to estimate

the effects of those parameters and their interactions. Knowing which parameters

have the most influence on profitability is helpful in projectselection and resource

allocation.

8.1 Effects of Parameters onPI∗

8.1.1 Identifying Important Parameters

800 randomly generated projects are used in this study. The input parameters

of these projects are randomly and independently taken fromthe intervals shown

in Table 7.1. In addition,p22 is sampled from the interval(0.15, 0.3). For each

project we have(s∗, n∗) andPI∗ as the outputs.224 projects are excluded from

the study for the same reason as in chapter 7.
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Chapter 8 Effects of Model Parameters

An initial multiple regression model was fitted with the responsePI∗ and

all 30 parameters as predictors. However, the plot of the residuals ǫ̂i against the

fitted valueŝy presents strong evidence of heterogeneous behaviour in theresid-

uals, prompting consideration of a possible change in the structural form of the

model (Figure 8.1 left). An analysis of the profile log-likelihood from the Box-

Cox transformation suggests a power transform ofλ = 0.2 (Figure 8.1 right).

A full model is refitted with 5
√
PI∗ as the response, and backward elimination

is applied to select the set of important predictors. At eachstage we remove the

variable with the largest p-value over0.05. Nine variablesu1(p = 0.056) , t1(p =

0.078), u3(p = 0.453), t3(p = 0.658), p3(p = 0.131), pa(p = 0.939), pb(p =

0.154), ρ(p = 0.105), andp22(p = 0.094) appear to be insignificant in explaining

the variation in 5
√
PI∗ and are removed from the model by backward elimination.

The resulting model consists of the remaining 21 predictors. Mallow’sCp statistic

is used to assess its fit. TheCp statistic is defined as

Cp =
RSSp
σ̂2

+ 2p− n,

whereσ̂2 is the estimate of the varianceσ2 from the full model with all possible

explanatory variables,RSSp is the residual sum of squares (RSS) from a model

with p regression coefficients including the intercept, andn is the sample size.

If a model lacks important explanatory variables, it will show greater residual

variability and thusRSSp will be large. On the other hand, adding variables in

the model would reduce the RSS. The term2p in the formula adds a penalty for

having more explanatory variables than necessary. Thus it is a criterion which

trades-off fit in terms of RSS against complexity. If a model with p regression

coefficients fits, thenE[RSSp] = (n− p)σ2 andE[Cp] ≈ p. A model with a bad

fit will haveCp much bigger thanp. Models with smallCp statistics are looked at

more favourably.

For a model of a given size, theCp criterion will select the model with the

smallestRSS. We plot theCp statistic for the best model for each size in Fig-

ure 8.2. The figure suggests that our resulting model with21 predictors has the

smallestCp statistic and thus fits well.

Table 8.1 shows the regression output for the model identified by backward
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Figure 8.1: On the left: Residual plot of the initial full model, which regressesPI∗

against the model parameters. On the right: Profile log-likelihood from a Box-Cox anal-

ysis of the initial full model.

elimination. The p-values (all< 0.005) show overwhelming significance for all

21 selected variables. We can see from the table that the variablesα, u4, u5, t4, t5,

ν1, ν2, γ, cII andcIII have strong negative effects on profitability, with all p-values

being less than 2e-16, whileW has a strong positive effect. The magnitudes of

these effects and their interactions will be looked at more thoroughly through a

two-level factorial design in the next section.

The diagnostic plot in Figure 8.3 shows that the assumption of constant vari-

ance is reasonable. Although Figure 8.4 indicates mild non-normality of errors

the consequences can be reasonably ignored because the effects of non-normality

are mitigated by large sample size.
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Chapter 8 Effects of Model Parameters

Table 8.1:Estimates of regression coefficients.

Variable Coefficient Standard error t-statistic p-value

(Intercept) 1.204e+00 6.535e-02 18.422< 2e-16

α -1.422e-01 6.842e-03 -20.783< 2e-16

λ 9.325e-02 3.122e-02 2.987 0.00294

u2 -2.371e-03 5.207e-04 -4.552 6.53e-06

u4 -7.185e-03 5.311e-04 -13.529< 2e-16

u5 -4.343e-03 5.185e-04 -8.377< 2e-16

t2 -3.483e-02 4.663e-03 -7.470 3.14e-13

t4 -2.908e-02 1.862e-03 -15.621<2e-16

t5 -2.708e-02 3.159e-03 -8.572< 2e-16

p1 1.150e-01 2.104e-02 5.465 7.01e-08

p21 1.467e-01 4.800e-02 3.057 0.00234

p4 1.840e-01 3.141e-02 5.858 8.02e-09

ν1 -6.897e-01 5.966e-02 -11.562< 2e-16

ν2 -1.562e+00 5.866e-02 -26.623< 2e-16

γ -1.460e+00 1.246e-01 -11.713< 2e-16

W 1.660e-04 8.703e-06 19.074<2e-16

cI -1.405e-01 2.072e-02 -6.781 3.07e-11

cII -6.671e-02 6.957e-03 -9.589< 2e-16

cIII -1.135e-02 6.587e-04 -17.238< 2e-16

pI 1.953e-01 4.168e-02 4.686 3.50e-06

pII 2.816e-01 4.185e-02 6.727 4.32e-11

pIII 1.693e-01 4.118e-02 4.112 4.52e-05
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Figure 8.3:Residuals vs. fitted for the final model.
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Chapter 8 Effects of Model Parameters

8.1.2 Factorial Design

A 221−12
V factorial design calculation was performed on these 21 factors with

512 runs. ResolutionV designs are designs in which the main effects and the

two-factor interactions do not have other main effects or two-factor interactions

as their aliases, thus allowing the unbiased estimation of all the main effects

and two-factor interactions, provided that all the three-factor and higher inter-

actions are negligible. The high and low levels for each factor are set at the up-

per and lower quartiles of the input range. This choice of moderate values is to

avoid having negative outputs. We control the remaining variables in the model

by setting them at their mean values, giving(u1, u3, t1, t3, p22, p3, pa, pb, ρ) =

(8, 15, 1.5, 1.5, 0.2, 0.6, 0.9, 0.7, 0.9). The 21 factors selected for the design are

as follows:
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Chapter 8 Effects of Model Parameters

Table 8.2:Low and high values for the selected factors.

Factor Name Low Level (-1) High Level (+1)

A α 0.5 million 1.5 million

B λ 0.6 0.8

C u2 10 20

D u4 10 20

E u5 10 20

F t2 1 2

G t4 2.5 5

H t5 1.5 3

J p1 0.5 0.8

K p21 0.4 0.6

L p4 0.5 0.7

M ν1 0.08 0.16

N ν2 0.08 0.16

O γ 0.07 0.12

P W 500 million 1500 million

Q cI 0.3 million 0.6 million

R cII 1 million 2 million

S cIII 8 million 16 million

T pI 0.5 0.7

U pII 0.4 0.6

V pIII 0.6 0.8
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Chapter 8 Effects of Model Parameters

The responsePI∗ in the 512 runs ranges from 0.0002 to 4.2287, making the

ratio of the maximum to minimum responses as high as 17383, which indicates

that a transformation is highly likely to be needed. Again ananalysis of the profile

log-likelihood from the Box-Cox transformation suggests atransform of power

λ = 0.2 would be the most appropriate.

Figure 8.5 presents a normal probability plot of the effect estimates using
5
√
PI∗ as the response variable. It is a method attributed to Daniel(1959) to

select effects in unreplicated factorials, where there areno internal estimates of

the errors. The effects that are negligible are normally distributed, with mean

zero and constant variance and will tend to fall along a straight line on the plot,

whereas significant effects will not lie along the straight line. From examination

of the display, the most apparent and important effects areW , α, ν2, cIII andcII .

Table 8.3 contains the effect estimates and sum of squares for the selected

effects. The percent contribution in Table 8.3 is obtained by taking each individ-

ual sum of squares and dividing by the total sum of squares andmultiplying by

100. Note that the main effects really predominate, accounting for nearly 97 per-

cent of the total variability, whereas the only significant interaction term isα-W ,

explaining just 0.48 percent of the total variability.

The resulting analysis of variance in Table 8.4 may be used toconfirm the

magnitude of the selected effects. From Table 8.4 we note that all the effects in

the model are highly significant (every p-value< 0.0001).
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Figure 8.5:Normal probability plot of effects for the221−12
V design.
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Table 8.3:Effect estimate summary.

Factor Effect Estimate Sum of Squares % Contribution

P-W 0.25 7.93 31.56

A-α -0.2 5.25 20.89

N-ν2 -0.14 2.51 10.00

S-cIII -0.11 1.57 6.25

R-cII -0.083 0.88 3.50

O-γ -0.083 0.87 3.46

G-t4 -0.077 0.75 3.00

D-u4 -0.075 0.72 2.86

H-t5 -0.071 0.64 2.57

E-u5 -0.071 0.63 2.52

U-pII 0.064 0.51 2.05

V-pIII 0.057 0.41 1.65

T-pI 0.054 0.38 1.49

M-ν1 -0.046 0.27 1.08

L-p4 0.043 0.23 0.92

Q-cI -0.038 0.18 0.72

C-u2 - 0.035 0.15 0.61

F-t2 - 0.033 0.14 0.56

B-λ 0.027 0.093 0.37

K-p21 0.019 0.047 0.19

J-p1 0.014 0.026 0.10

AP - 0.031 0.12 0.48
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Table 8.4:Analysis of Variance.

Source of variation sum of squares df mean squareF0 p-value

Model 24.31 22 1.105 658.91<0.0001

P-W 7.93 1 7.93 4728.68<0.0001

A-α 5.25 1 5.25 3130.59<0.0001

N-ν2 2.51 1 2.51 1496.72<0.0001

S-cIII 1.57 1 1.57 936.20 <0.0001

R-cII 0.88 1 0.88 524.75 <0.0001

O-γ 0.87 1 0.87 518.78 <0.0001

G-t4 0.75 1 0.75 447.23 <0.0001

D-u4 0.72 1 0.72 429.34 <0.0001

H-t5 0.64 1 0.64 381.63 <0.0001

E-u5 0.63 1 0.63 375.67 <0.0001

U-pII 0.51 1 0.51 304.11 <0.0001

V-pIII 0.41 1 0.41 244.48 <0.0001

T-pI 0.38 1 0.38 226.50 <0.0001

M-ν1 0.27 1 0.27 161.00 <0.0001

L-p4 0.23 1 0.23 137.15 <0.0001

Q-cI 0.18 1 0.18 107.33 <0.0001

C-u2 0.15 1 0.15 89.45 <0.0001

F-t2 0.14 1 0.14 83.48 <0.0001

B-λ 0.093 1 0.093 55.46 <0.0001

K-p21 0.047 1 0.047 28.03 <0.0001

J-p1 0.026 1 0.026 15.50 <0.0001

AP 0.12 1 0.12 71.56 <0.0001

Residual 0.82 489 0.0017

Total 25.13 511
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Figure 8.6 presents a normal probability plot of the residuals and a plot of

residuals versus fitted values. The first plot tests the assumption of normality and

the latter tests the assumption of constant variance. Both plots are satisfactory,

indicating that the usual normality assumptions are satisfied and also lending sup-

port to the adequacy of our model and the suitability of the power transform.

(a) (b)

Figure 8.6: On the left: Normal probability plot of the residuals. On theright: Plot of

residuals versus predicted.

The most important finding of this experiment is the dominance of main ef-

fects. Clearly lack of interaction greatly simplifies our interpretations and conclu-

sions. The three most significant main effects in decreasingorder are the expected

present valueW of the first new drug, the annual costα of employing a senior sci-

entist, and the obsolescence rateν2. Together they account for nearly two-thirds

of the total variability inPI∗. The costs of phasesII andIII clinical trials and

the discount rateγ also prove to be crucial factors that affect the profitability of a

project. This confirms our expectation that a discovery project with big potential

reward, low research cost, low cost in clinical trials, little competition and small

discount rate would be very profitable.

Theα-W interaction is plotted in Figure 8.7. The plot shows that profitability

is at its highest when the potential rewardW is high and costα is low. It also
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reveals that the effect of the costα is more prominent at higher values ofW .

Figure 8.7:α-W interaction plot.

8.2 Effects of Parameters ons∗

The response(s∗, n∗) falls into one of three categories,(1, n∗), (2, n∗) and(3, n∗).

We are particularly interested ins∗ as its value potentially affects the choice of the

optimization procedures we might use. By plotting the otherexplanatory variables

againsts∗, we see that there appear to be some obvious relationships betweens∗

and some of the explanatory variables. There appear to be negative associations

betweenu3, u4, t3, t4, ρ ands∗ (Figure 8.8(a), (b), (d), (e), (h)). The smaller

these variables are, the biggers∗ tends to be. On the other hand, higher values of

u5, t5 andγ appear to be associated with higher values ofs∗ (Figure 8.8(c), (f),

(j)).
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Chapter 8 Effects of Model Parameters

Since the response categories are ordered, we fit a cumulative logits model

which accounts for the ordering in the response. LetJ denote the number of cat-

egories for the responseY . The logits of the cumulative probabilities are defined

as

logit[P (Y ≤ j)] = log
P (Y ≤ j)

1− P (Y ≤ j)
, j = 1, . . . , J − 1.

Let x denote the column vector of the explanatory variables. A cumulative

logit model incorporating explanatory variables has the form

logit[P (Y ≤ j)] = µj + β
′

x, (8.1)

for j = 1, . . . , J − 1, for a column vectorβ of parameters that describes the ef-

fects of the explanatory variables. The model assumes the same effectsβ for each

logit, but different interceptsµj. The expression forP (Y ≤ j) is in a deliberately

simple form. We need to keep in mind that this is actuallyP (Y ≤ j|x), the condi-

tional probability at each fixed value for the explanatory variables. The expression

for the cumulative probabilities is

P (Y ≤ j) =
exp(µj + β

′

x)

1 + exp(µj + β
′

x)
, j = 1, . . . , J − 1.

For the cell probabilities themselves,

P (Y = j) =
exp(µj + β

′

x)

1 + exp(µj + β
′

x)
− exp(µj−1 + β

′

x)

1 + exp(µj−1 + β
′

x)
,

with µ0 = −∞ andµJ = ∞.

Maximum-likelihood fitting is used for the cumulative logitmodel (8.1) and

iterative methods are used to solve the likelihood equations and obtain the ML es-

timates of the model parameters. Based on the model fit, we canconduct statistical

inference about the significance of model parameters using the ML estimates. For

testingH0: βk = 0, we use the Waldz statistic defined asz = β̂k
SE

, which (under

H0) has an asymptotic chi-square distribution with one degreeof freedom, where

SE is the standard error of̂βk.

We first fit an initial model of logit[P (s∗ ≤ j)], j = 1, 2 with all 30 ex-

planatory variables. The maximum-likelihood fit of the initial model suggests that
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Chapter 8 Effects of Model Parameters

variablesα, λ, u1, t1, p22, p3, pa, ν2, cI , cII , cIII , pI , pII andpIII are insignificant

(p > 0.05) in explaining the variation ins∗. By removing these terms one by

one starting from the one with the biggest p-value, and comparing nested models

using the likelihood-ratio test, we come to the refined model

logit[P (s∗ ≤ j)] = µj − 0.0425u2 + 0.0545u3 + 0.0522u4 − 0.0913u5 − 0.3729t2

+0.8083t3 + 0.3151t4 − 0.6853t5 + 1.7265p1 − 2.5603p4

+2.211pb − 4.5960ν1 − 12.9241γ + 0.0007W, j = 1, 2. (8.2)

Table 8.5 shows the maximum-likelihood fit of the refined model. The effect

estimates reflect the tendency for the cumulative probability P (s∗ ≤ j) to increase

asu3, u4, t3, t4, p1, pb andW increase, and to decrease asu2, u5, t2, t5, p4, ν1, and

γ increase.

To describe the effect of a variable, we compareP (s∗ = j) for a particular

j at different values of this variable, such as the minimum andmaximum, and

control other variables in the model by setting them at theirmean values. We

illustrate this by describing the effect ofu2. By substituting the minimum value

of u2 and the mean values of the remaining variables into equation(8.2), we get

P (s∗ ≤ 1)=P (s∗ = 1) = 0.83, and similarly at the maximum value ofu2 we

get P (s∗ = 1) = 0.65. P (s∗ = 2) =P (s∗ ≤ 2)-P (s∗ = 1) stands at0.15

and 0.3 at the minimum and the maximum values ofu2 respectively. Finally,

P (s∗ = 3) = 1 − P (s∗ ≤ 2) increases from0.02 to 0.04 between the minimum

and the maximum values ofu2. Table 8.6 shows estimated probabilities that help

us to interpret the predictor effects.

It turns out that the effort required in stages 2, 3, 4 and 5 areimportant in

affecting the value ofs∗. In particular, effort allocation in stage 5 has very strong

association with the value ofs∗. The probability ofs∗ = 1 decreases from90% to

50% whenu5 increases from the minimum of6 to the maximum of30, whereas

the probability ofs∗ = 2 increases dramatically from9% to 40%. Figure 8.9 plots

the predicted probabilities ofs∗ > 1 againstu2, u3, u4, andu5. We see that the

probability of taking more than one LS is predicted to be greater with more effort

allocation in stages 2 and 5 and less effort in stages 3 and 4.

Recall that the amount of effort required for each stage isXi = ei(ui)ti
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(i = 1, 2, 3, 4, 5). Hence the effort rate and the stage time have similar effects,

as an increase in eitheru or t leads to an increase in the effort rateX. A big X2

means a large sunk cost in stage 2 which makes thePI of the first LS relatively

small and therefore requires more LS to be optimized to compensate for the sunk

cost; while smallX3 andX4 or bigX5 imply that it takes more effort to produce

a backup CD than to optimize a new LS. This means there is a higher incentive to

optimize more LS than to take more CDs from a particular LS.

The effects ofp4 andpb are also straightforward. A high probability of suc-

cess for stage4 would motivate more LS being optimized, and this is confirmedby

the doubling ofP (s∗ = 2) from 0.15 to 0.30 whenp4 increases from its minimum

to maximum.pb on the other hand, has almost the opposite effect top4. P (s∗ = 1)

increases from 0.67 to 0.83 whileP (s∗ = 2) drops from 0.29 to 0.15, whenpb
changes from its minimum to maximum. This is in line with our expectation, aspb
is the probability that an LS is good, and therefore a low value ofpb would result

in needing to take more LS.

There are no obvious reasons for the dependence ofs∗ on the values ofν1, p1
andW . We conclude from Table 8.6 that in general the smaller the profitability

of a project (i.e., big obsolescence rateν1 or smallp1 orW ), the more likely it is

to be optimal to take more than one LS. This is also confirmed bythe plots ofν1,

p1 andW againsts∗ in (j), (k) and (l) in Figure 8.8.
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Figure 8.9: Effects of effort allocations.
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Table 8.5:Output for the cumulative logit model withs∗ as the ordered response.

Variable Coefficient Standard Error Wald z pr(> |z|)
µ1 3.2660 1.3979 4.01 0.0195

µ2 5.6976 1.4204 2.34 0.0001

u2 -0.0425 0.0148 -2.88 0.0040

u3 0.0545 0.0149 3.66 0.0003

u4 0.0520 0.0153 3.40 0.0007

u5 -0.0913 0.0155 -5.88 0.0000

t2 -0.3729 0.1318 -2.83 0.0047

t3 0.8083 0.1394 5.80 0.0000

t4 0.3151 0.0570 5.53 0.0000

t5 -0.6853 0.0979 -7.00 0.0000

p1 1.7265 0.6123 2.82 0.0048

p4 -2.5603 0.9030 -2.84 0.0046

pb 2.2110 0.8946 2.47 0.0135

ν1 -4.5960 1.7096 -2.69 0.0072

γ -12.9241 3.4667 -3.73 0.0002

W 0.0007 0.0002 2.84 0.0046

Deviance 703.4

Log-likelihood -351.7
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Table 8.6:Estimated probabilities describing the effects in the refined model.

Estimated Probabilities

P (s∗ = 1) P (s∗ = 2) P (s∗ = 3)

u2 =
min 0.83 0.15 0.02

max 0.65 0.30 0.04

u3 =
min 0.62 0.33 0.05

max 0.85 0.13 0.01

u4 =
min 0.64 0.31 0.05

max 0.86 0.13 0.01

u5 =
min 0.90 0.09 0.01

max 0.53 0.40 0.07

p1 =
min 0.65 0.30 0.05

max 0.84 0.14 0.02

p4 =
min 0.84 0.15 0.02

max 0.65 0.30 0.05

pb =
min 0.67 0.29 0.04

max 0.83 0.15 0.02

ν1 =
min 0.83 0.15 0.02

max 0.65 0.30 0.05

γ =
min 0.92 0.075 0.0079

max 0.91 0.076 0.008

W =
min 0.65 0.31 0.04

max 0.84 0.14 0.02
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Chapter 9

Conclusions and Desirable Future

Work

The discovery and development of new drugs is a long, costly and risky business.

It involves many resources and many decisions. In pharmaceutical R&D, as in any

business, the set of available options has diverse risk-return characteristics. Ob-

viously, a random selection from this set fails to optimize the return of an R&D

portfolio, and so there is a need to address allocative efficiency issues to optimize

the use of R&D resources. Allocative efficiency is about maximizing total output

by choosing from a range of investment options, it seeks to optimize the distri-

bution of resources across all available projects to enhance the return. Economic

analysis explores these allocative efficiency questions byestimating expected re-

wards and costs and should be integrated into the R&D planning process.

The premise of this thesis is that we are far from optimizing the use of robust

economic modelling and analysis in the earlier phases of pharmaceutical R&D and

much more can be done. Modelling early in the drug R&D processcan provide

valuable input into project selection and termination decisions. Drug development

is characterized by a highly skewed distribution of returnson investment. It is a

small proportion of drugs that in effect cross-subsidizes the bulk of the portfolio.

Early modelling and analysis can inform drug developers whether the economic

characteristics of projects in their portfolio are more likely to resemble those in

the profit-making or loss-making deciles. The amount of money spent on the
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entire R&D portfolio can be significantly reduced through the early elimination

of unattractive projects and resources saved can be reallocated to more attractive

projects. Early modelling and analysis is also likely to provide a solid foundation

for communicating product value to external decision-makers further downstream,

increasing the likelihood of regulatory approval and commercial success.

This thesis provides detailed modelling of pre-clinical research and contributes

to the task of improving the efficiency of resource allocation through better deci-

sion making. The models suggested are designed to evaluate profitability and to

indicate appropriate allocation levels at the different stages of a pharmaceutical

research project. With modelling, despite considerable uncertainty, expected re-

wards and costs can be estimated. As more data becomes available these models

can be updated and results re-calculated.

The software OPRRA described here serves as a management tool to assist

in finding allocations which are both feasible and profitable. It enables a planner

to explore the consequences of different possible allocation plans in terms of their

overall effort requirements, their profitability, and their varying degrees of risk.

This is done by fairly sophisticated simulation and sensitivity analysis. It is not a

particularly prescriptive tool, nor indeed a comprehensive planning tool. This is

partly because it does not model the detailed structure of effort allocation or all

the factors which legitimately influence it, and partly because profitability tends

not to be very sensitive to moderate changes in allocations.Of course a model can

only ever be an imperfect representation of reality, so apparently good allocations

derived from OPRRA models can only be suggestive. However, some movement

of the resource allocation plan in the direction suggested by OPRRA deserves se-

rious consideration, especially when the apparent scope for increased profitability

is high.

The models and policies which we have discussed have demonstrated some

interesting and insightful results. The adaptive class of FI policies is able to im-

prove the profitability with respect to the sequence of CDs selected and may be

implemented in an adaptive probabilities setting, but doesnot optimize effort allo-

cations at each stage. The non-adaptive class of(s, n) policies on the other hand,

optimizes profitability with respect to the effort allocations at each stage but is
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rather restrictive in its choice of the sequence of CDs and LS. However, it turns

out that the restriction imposed ons to be less than or equal to3 in an(s, n) policy

has little impact on profitability. The(s, n) policies in most cases perform as well

as the more flexible FI policies, making it the most comprehensive and reliable

optimization procedure.

Interactions appear to be weak between the parameters that influence prof-

itability of a pharmaceutical project, and profitability ispredominately determined

by a small number of parameters, such as the value of the first new drug, annual

operating cost and obsolescence rates.

Possible Future Work

There are a number of challenges and opportunities that are outside the scope of

our current effort but are natural extensions for the future.

Since in this thesis we assumed constant allocation over each stage, one possi-

ble extension is to investigate the problem where the numberof scientists allocated

is allowed to change over time. Some preliminary ideas usingcalculus of varia-

tions to find the optimal allocation can be found in Wilder (2001) and Hoeschler

(2002).

The FI policies are policies for selecting a sequence of LS and CDs so as to

maximize the PI for a project, for a given set of stage allocations. They are based

upon PIs for a new CD from the current LS, for a new LS, and a reference PI. The

purpose of the reference PI is that it works as an approximation to the optimal PI

for the project, and therefore screens out CDs and LS which are likely to reduce

the overall PI. We would like to be able to carry out similar calculations for IRR ,

but this is less straightforward computationally.

The real options model presented here is simplified in a number of ways.

First, the cost of investment,I, is assumed to be fixed and to be made upfront. In

pharmaceutical R&D, the cost of the investment can be as uncertain as the future

payoff, particularly for lengthy projects. There is uncertainty that relates to the

physical difficulty of completing the project. The actual costs and completion

time become apparent as the project proceeds. Costs may be greater or less than
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anticipated if impediments arise or if the work progresses faster than planned,

but the total cost of investment is only known for certain when the project is

complete. Other uncertainties arise when the price of labour, material, etc. needed

to build a project fluctuate unpredictably, or when government regulations change

the cost of investment. Investment is also likely to be made continuously until the

project is complete, and there is usually a maximum rate at which the firm can

invest. Hence a useful extension would be to model both the payoff and the cost

as stochastic processes, incorporating a maximum rate of investment. Relevant

work concerning uncertain and continuous investment costscan be found in Majd

and Pindyck (1987) and in Pindyck (1993).

Second, only theoption to investis considered. Another possible extension

is to evaluate theoption to abandon earlyand thegrowth options, both of which

are valuable in pharmaceutical R&D decision making. The option to abandon is

present at every stage of a pharmaceutical R&D project. It isoften exercised if

the results from the latest development phase do not warrantcontinuation. The

valuation of the option to abandon is analogous to a put option. The impact of this

option is to reduce the overall risk. Growth options refer tothe unanticipated op-

portunities that arise from investments. It is important toinclude growth options

in the calculation on profitability of the early stage investments, which enables the

more profitable follow-on investments. Growth options haveconsiderable impor-

tance in the context of early-stage pharmaceutical R&D.

As we have already noted, no model is going to be completely adequate.

However, decision-making with the help of a model is likely to be better than

without it, whether it leads to faster termination of uneconomic projects or the

allocation of more resources to attractive projects.
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Appendix A

Glossary

• AP = Adaptive Probabilities.

• CD = Candidate Drug.

• FI = Forwards Induction.

• FP = Fixed Probabilities.

• IRR = Internal Rate of Return.

• LS = Lead Series.

• OPRRA = Optimizing Pharmaceutical Research Resource Allocation.

• PI = Profitability Index.

• WACC = Weighted Average Cost of Capital.
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Appendix B

Calculations ofPI(CD) and

PI(LS) for an FI Policy

In this appendix we show how to calculate the profitability index values for an

additional CD and for a new LS in an FI policy as discussed in chapters 3 (FP

setting) and 5 (AP setting).

Let rCD andcCD be the expected reward and expected cost for the next CD,

respectively. We have

PI(CD) =
rCD
cCD

.

Denote byc0 the cost of the project to date, made up of the costs of the stages

which have been completed, and letr0 = c0PI(ref), so thatr0 is an estimate for

the reward which would on average accrue with an expenditureof c0.

The PIs which are relevant in determiningPI(LS) are listed below. There

are two versions of each of the relevant PIs, one of which excludes the previous

history of the project, and one for which account is taken of the previous history.

• PI(a single attempt to optimize an LS with no parallel stage 3).

Call thisPILS1 = r1
c1

. The version which allows for previous history is

PI1 = r0+r1
c0+c1

.
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• PI(a further attempt to optimize an LS with no parallel stage 3,following a

first unsuccessful attempt to optimize an LS together with a successful stage

3).

Call this PILS2 = r2
c2

. Extending our notation in an obvious way, the

version which allows for previous history isPI2 = r0+r2
c0+c2

.

• PI(a further attempt to optimize an LS with no parallel stage 3,following

a first successful attempt to optimize an LS together with a successful stage

3).

Call thisPILS3 = r3
c3

. PI3 = r0+r3
c0+c3

.

• PI(an attempt to optimize an LS together with stage 3, followedby one

more attempt to optimize an LS if stage 3 succeeds and the firstattempt

fails).

Call thisPILS4 = r1+q4p3r2
c
′

1
+q4p3c2

. PI4 = r0+r1+q4p3r2
c0+c

′

1
+q4p3c2

.

• PI(an attempt to optimize an LS together with stage 3, followedby one

more attempt to optimize an LS if stage 3 succeeds and the firstattempt

succeeds).

Call thisPILS5 = r1+p4p3r3
c
′

1
+p4p3c3

. PI5 = r0+r1+p4p3r3
c0+c

′

1
+p4p3c3

.

• PI(an attempt to optimize an LS together with stage 3, followedby one

more attempt to optimize an LS if stage 3 succeeds, and whether or not the

first attempt succeeds).

Call thisPILS6 = r1+q4p3r2+p4p3r3
c
′

1
+q4p3c2+p4p3c3

. PI6 = r0+r1+q4p3r2+p4p3r3
c0+c

′

1
+q4p3c2+p4p3c3

.

The rewardsr1, r2 andr3 are rewards for the PI-maximizing number of CDs

following successful optimization of the corresponding LS. The corresponding

costs arec1, c
′

1 (which alone includes the cost of a parallel stage 3),c2 andc3.

Condition A:

PI(ref) < PILS6 andPI4−PI(ref) > PI1−PI(ref)−0.1|PI1−PI(ref)|.
Condition B:

PI(ref) < PILS6 andPI5−PI(ref) > PI1−PI(ref)−0.1|PI1−PI(ref)|.

If either of conditions A and B holds thenPI(LS) = PILS6, otherwise

PI(LS) = PILS1.
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The first part of condition A checks that on average FI is not going to leave

the next LS unused. The second part of condition A checks thatthe immediate

relative improvement in PI abovePI(ref) if we do stage 3 with stage 4 is at

least 90% of the gain if we were to do stage 4 without stage 3. The choice of

90% is arbitrary. Other percentages less than 100% will sometimes do better. The

rationale for condition B is similar, now referring to the situation when the first

attempt to optimize an LS succeeds.

B.1 FP Setting

B.1.1 Calculation ofPI(CD)

Define:

• S: the youngest LS from which we will choose the next CD.

• κ: number of CDs selected from LSS so far.

• Θ: the set of all LS from which CDs have been selected.

• bi: the number of CDs that have been selected from LSi.

Thus

rCD = e−γ1(t+t5+tI+tII+tIII)pW
∏

i∈Θ\S

(pbη
bi + 1− pb)η

κ

−e−γ(t+t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII)cIII), (B.1)

cCD = e−γ(t+t5)K5.

B.1.2 Calculation ofPI(LS)

The expressions forr1, r2, r3, c1, c
′

1, c2, andc3 are as follows.
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r1 = p4
[
e−γ1(t+t4+tI+tII+tIII )pW

∏

i∈Θ

(pbη
bi + 1− pb)

k∗∑

m=1

(ηe−γ1t5)m−1

−e−γ(t+t4)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII)cIII)
]
, (B.2)

c1 = e−γtK4 + p4e
−γ(t+t4)

k∗∑

m=1

(e−γt5)m−1K5,

c
′

1 = e−γt(K3 +K4) + p4e
−γ(t+t4)

k∗∑

m=1

(e−γt5)m−1K5.

r2 = p4
[
e−γ1(t+2t4+tI+tII+tIII )pW

∏

i∈Θ

(pbη
bi + 1− pb)

k∗∑

m=1

(ηe−γ1t5)m−1

−e−γ(t+2t4)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)
]
, (B.3)

c2 = e−γ(t+t4)K4 + p4e
−γ(t+2t4)

k∗∑

m=1

(e−γt5)m−1K5.

r3 = p4
[
e−γ1(t+t4+ρt4+(k⋆−1)t5+tI+tII+tIII)pW

∏

i∈Θ

(pbη
bi + 1− pb)(pbη

k⋆ + 1− pb)×

k∗∑

m=1

(ηe−γ1t5)m−1 − e−γ(t+t4+ρt4+(k⋆−1)t5)(cI + pIe
−γtI cII + pIpIIe

−γ(tI+tII )cIII)
]
, (B.4)

c3 = e−γ(t+t4+(k⋆−1)t5)K4 + p4e
−γ(t+t4+ρt4+(k⋆−1)t5)

k∗∑

m=1

(e−γt5)m−1K5,

where andk∗ is the PI-maximizing number of CDs to be selected from the new

LS, andk⋆ is the PI-maximizing number of CDs for the preceding successfully

optimized LS.
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B.2 AP Setting

B.2.1 Calculation ofPI(CD)

rCD = max
i
riCD = ri∗CD, where (B.5)

riCD = e−γ1(t+t5+tI+tII+tIII )E[pIipIIipIIIiλ
z1+z2+z3]λz4W − e−γ(t+t5)(cI

+E[pIi]e
−γtI cII + E[pIi]E[pIIi]e

−γ(tI+tII)cIII),

cCD = e−γ(t+t5)K5.

The evaluation ofE[pIipIIipIIIiλz1+z2+z3] is given in section 5.3.

B.2.2 Calculation ofPI(LS)

The expressions forr1, r2, r3, c1, c
′

1, c2 andc3 in the adaptive probabilities setting

are as follows. Note that because we are trying to optimize a new LS, there is no

update on the success probabilities in clinical trials for that LS yet, hence their
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prior expectationsmI ,mII andmIII are used in the calculations.

r1 = E[p4]
(
e−γ1(t+t4+tI+tII+tIII )E[mImIImIIIλ

z1+z2+z3]λz4W

k∗∑

m=1

E[λ
∑m−1

j=0
Qj ](e−γ1t5)m−1

−e−γ(t+t4)(cI +mIe
−γtI cII +mImIIe

−γ(tI+tII )cIII)
)

( Qj ∼ Ber(mImIImIII), j = 1, 2, . . . ; Q0 = 0. )

= E[p4]
(
e−γ1(t+t4+tI+tII+tIII )E[mImIImIIIλ

z1+z2+z3]λz4W ×
k∗∑

m=1

(
(1− (1− λ)mImIImIII)e

−γ1t5
)m−1 − e−γ(t+t4)(cI +mIe

−γtI cII

+mImIIe
−γ(tI+tII )cIII)

)
, (B.6)

c1 = e−γtK4 + E[p4]e
−γ(t+t4)

k∗∑

m=1

(e−γt5)m−1K5,

c
′

1 = e−γt(K3 +K4) + E[p4]e
−γ(t+t4)

k∗∑

m=1

(e−γt5)m−1K5.

r2 = E[p4]
(
e−γ1(t+2t4+tI+tII+tIII )E[mImIImIIIλ

z1+z2+z3]λz4W
k∗∑

m=1

E[λ
∑m−1

j=0
Qj ](e−γ1t5)m−1

−e−γ(t+2t4)(cI +mIe
−γtI cII +mImIIe

−γ(tI+tII)cIII)
)

= E[p4]
(
e−γ1(t+2t4+tI+tII+tIII )E[mImIImIIIλ

z1+z2+z3]λz4W ×
k∗∑

m=1

(
(1− (1− λ)mImIImIII)e

−γ1t5
)m−1 − e−γ(t+2t4)(cI +mIe

−γtI cII

+mImIIe
−γ(tI+tII )cIII)

)
, (B.7)

c2 = e−γ(t+t4)K4 + E[p4]e
−γ(t+2t4)

k∗∑

m=1

(e−γt5)m−1K5.

132



Appendix B Calculations ofPI(CD) andPI(LS) for an FI Policy

r3 = E[p4]
(
e−γ1(t+t4+ρt4+(k⋆−1)t5+tI+tII+tIII )E[mImIImIIIλ

z1+z2+z3 ]λz4WE[λ
∑k⋆

j=0Qj ]×
k∗∑

m=1

E[λ
∑m−1

j=0
Qj ](e−γ1t5)m−1 − e−γ(t+t4+ρt4+(k⋆−1)t5) ×

(cI +mIe
−γtI cII +mImIIe

−γ(tI+tII )cIII)
)

= E[p4]
(
e−γ1(t+t4+ρt4+(k⋆−1)t5+tI+tII+tIII )E[mImIImIIIλ

z1+z2+z3 ]λz4W ×

(1− (1− λ)mImIImIII)
k⋆

k∗∑

m=1

(
(1− (1− λ)mImIImIII)e

−γ1t5
)m−1

−e−γ(t+t4+ρt4+(k⋆−1)t5)(cI +mIe
−γtI cII +mImIIe

−γ(tI+tII )cIII)
)
, (B.8)

c3 = e−γ(t+t4+(k⋆−1)t5)K4 + E[p4]e
−γ(t+t4+ρt4+(k⋆−1)t5)

k∗∑

m=1

(e−γt5)m−1K5.
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Appendix C

Simulation Algorithms

This appendix gives the simulation algorithms used to investigate the probabil-

ity distributions of rewards, costs and profitability indices for the(s, n) and FI

policies discussed in section 4.5.

C.1 Notation

• f : counter for the number of successfully optimized LS.

• g: counter for the number of optimization attempts.

• ki: the required number of CDs to be taken from theith optimized LS in an

(s, n) policy.

• bi: counter for the number of CDs found in theith optimized LS.

• ai: counter for the number of successful CDs from theith optimized LS.

• t : time taken so far.

• R: total reward so far.

• K: total cost so far.
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• X: indicator for whether a target is attainable.X = 1 means the target is

attainable;X = 0 otherwise.

• Y : indicator for whether an LS is good.Y = 1 means the LS is good;

Y = 0 otherwise.

• Z: indicator for whether a CD is successful.Z = 1 means the CD is

successful;Z = 0 otherwise.

• L: indicator for whether this is the last LS to be optimized.LS = 1 means

it is the last LS to be optimized;L = 0 otherwise.

• d: a vector of times at which future decisions are made.

• v: counter for the number of decisions made.

C.2 Assumptions

C.2.1 FP Setting

For each CD going to clinical trials we proceed as follows.

1. If this is the first CD of the whole project ever going to clinical trails, we

simulate whether the target is attainable by randomly generating the indi-

catorX, P (X = 1) = pa. An unattainable target indicates that none of

the CDs from the project would be successful in passing phaseIII clinical

trials and become a marketable drug.

2. If this is the first CD from some LS and the target is attainable, we simulate

whether this LS is good by generating the indicatorY , P (Y = 1) = pb.

A bad LS indicates that none of the CDs from that LS will pass phaseIII

clinical trails and become marketable.

3. If a CD is from a good LS and the target is attainable, we simulate whether

this CD will be successful by generating the indicatorZ, P (Z = 1) =

pc. Thus with probabilitypc a CD will pass all phases of clinical trails
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and become marketable given that it is from a good LS and the target is

attainable. In this case we add the net rewarde−γ1(t+tI+tII+tIII )λ
∑f

i=1
aiW −

e−γt(cI + e−γtI cII + e−γ(tI+tII )cIII) toR.

4. For a CD which is not successful, we determine the phase at which failure

occurs by assuming that it occurs at phaseI, II, or III with probabili-

tiesqI/Q, pIqII/Q andpIpIIqIII/Q, respectively, whereQ = 1 − papbpc.

These outcomes lead to reductions in the total rewardR of e−γtcI , e−γt(cI+

e−γtI cII) ande−γt(cI + e−γtI cII + e−γ(tI+tII )cIII), respectively. This is as-

suming that the phase at which failure occurs is independentof whether it

is due to an unattainable target, an attainable target but a bad LS, or an at-

tainable target and a good LS but a defective CD, and also independent of

the phase at failure for other CDs.

C.2.2 AP Setting

For each CD going to clinical trials we proceed as follows.

1. The success probabilitiespIi, pIIi andpIIIi for clinical trials are different

for different LS. Their posterior expectationsE[pIi], E[pIIi] andE[pIIIi]

are updated using Bayes theorem whenever new information becomes avail-

able.

2. A CD from LSi has probabilityE[pIi] of passing phaseI trial, and whether

it succeeds or not there is a reduction ofe−γtcI from the total rewardR. If

it proceeds to phaseII trial there is another reduction ofe−γ(t+tI )cII from

the total reward and it will pass phaseII trial with probabilityE[pIIi]. If

again it passes through phaseII trial and proceed to phaseIII, there will

be a further reduction ofe−γ(t+tI+tII)cIII from the total rewardR, and it

will pass phaseIII trial with probabilityE[pIIIi]. If the CD passes phase

III trial a net reward ofe−γ1(t+tI+tII+tIII )λ
∑f

i=1
aiW is added toR.

3. The successes and failures of each CD at each phase are recorded. This

information will affect not only the success probabilitiesfor CDs from the

current LS, but also the success probabilities for CDs from other LS as well.
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C.3 Pseudocode

The pseudocode described in this section is a compact and high-level description

of the C++ simulation algorithms used in OPRRA intended for human reading. It

omits details that are not essential for human understanding of the algorithm, such

as variable declarations, system-specific code and subroutines. Some necessary

explanations are given below the code, which are in italics and start with #.

C.3.1 (s, n) Simulation

Step 1. Setf, g, t, bf , af , R,K, d andv to 0.

# This is to initialize all parameter values to0.

Step 2. IncreaseK byK1, t by t1.

With probability:

p1, go to step 3;

q1, stop and outputR andK.

# Stage1 is certain to happen, so there are always cost spent and time taken, whether

we succeed or not. If stage1 succeeds, we will go to the next steps. If stage1 fails, the

simulation stops. Whenever a realization is complete, we stop and output the values of the

total rewardR and total costK.

Step 3. IncreaseK byK2, t by t2, and with probability :

p21, go to step 4;

p22, go to step 7;

q2, Stop and outputR andK.

Step 4. Checkf = 0?

If f = 0, go to step 5;

Else go to step 6.

# This is to check whether an LS has been optimized previously.If there has been previous

success in optimizing an LS, the time taken for stages 3 and 4 will be ρt4.

Step 5. Increaseg by 1, and checkg = n?

If g = n , increaseK by e−γtK4, t by t4, go to step 8;

Else increaseK by e−γt(K3 +K4), t by t4, go to step 10.

# Wheng = n, it means it is the last attempt to optimize an LS, so stage4 will be carried
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out alone. Otherwise, stages3 and4 will be carried out in parallel.

Step 6. Increaseg by 1, and checkg = n?

If g = n , increaseK by e−γtK4ρ, t by ρt4, go to step 8;

Else increaseK by e−γt(K3ρ +K4ρ), t by ρt4, go to step 10.

Step 7. Increaseg by 1,K by e−γtK4, t by t4, and checkg = n?

If g = n, go to step 8;

Else go to step 9.

# We only come to this step if two LS are found in stage2, so that stage3 is not carried

out in parallel at the first attempt to optimize an LS.

Step 8. With probability:

p4, increasef by 1, bf by 1, setL = 1, go to step 15;

q4, stop and outputR andK.

# This is when it comes to the last attempt to optimize an LS. Thesimulation ends if the

last attempt fails.

Step 9. With probability :

p4, increasef by 1,bf by 1, go to step 11;

q4, go to step 5.

# We only come to this step from step 7, and we only go to step 7 when two LS were found

in stage2. If we succeed in optimizing a new LS, we send the first CD to clinical trials and

select more backup CDs from this LS. After finding the required number of backup CDs,

we will return to optimize another LS. If we fail, we go back tostep 5 directly to optimize

another LS.

Step 10. With probability:

p3p4, increasef by 1,bf by 1, go to step 11;

p3q4, go back to step 4;

q3p4, increasef by 1,bf by 1, setL = 1, go to step 15;

q3q4, stop and outputR andK.

# When stages3 and4 are carried out in parallel there could be 4 possible outcomes :

Outcome 1, both stages3 and4 are successful. The first CD will be sent to clinical trials

and more backup CDs will be searched for from that LS. Then a new LS will be attempted

when enough backup CDs from the current LS are found.

Outcome 2, stage3 is successful but stage4 fails. Attempt to optimize another LS.

Outcome 3, stage3 fails but stage4 succeeds. The required number of total CDs will be

taken from that LS but no more attempt to optimize any furtherLS.
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Outcome 4, both stages3 and4 fail. Simulation terminates.

Step 11. Checkf = s?

If f = s, setL = 1, go to step 15;

Else go to step 15 directly.

Step 12. CheckL = 1?

If L = 1, go to step 13;

Else go to step 14.

Step 13. Checkbf = kf?

If bf = kf , stop and outputR andK.

Else increasebf by 1,K by e−γtK5, t by t5, and go to step 21.

Step 14. Checkbf = kf?

If bf = kf , go to step 6;

Else increasebf by 1,K by e−γtK5, t by t5, and go to step 21.

Step 15. Checkf = 1?

If f = 1, go to step 16;

Else go to step 17.

Step 16. With probability:

pa, setX = 1, go to step 18;

1− pa, SetX = 0, go to step 20.

Step 17. CheckX = 0?

If X = 0, go to step 20;

Else go to step 18.

# If the target is unattainable, none of the CDs from the project will be successful.

Step 18. With probability:

pb, setY = 1, go to step 19.

1− pb, setY = 0, go to step 20.

Step 19. Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

With probability:

pc, increaseR by e−γ1(t+tI+tII+tIII )λ
∑f

i=1
aiW−e−γt(cI+e−γtI cII+e−γ(tI+tII)cIII),

af by 1, go to step 12;

1− pc, go to step 20.

# Types A, B, and C obsolescence events each follow a Poisson process with arrival rates
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ξA, ξB and ξC , respectively. We generate the number of obsolescence events NA , NB

andNC for each type happened during the time interval∆t. Therefore the value ofW is

reduced toW (1− fA)
NA(1− fB)

NB (1− fC)
NC .

Step 20. With probability:

qI/Q, increaseR by e−γtcI , go to step 12;

pIqII/Q, increaseR by e−γt(cI + e−γtI cII), go to step 12;

pIpIIqIII/Q, increaseR by e−γt(cI + e−γtI cII + e−γ(tI+tII )cIII), go to step 12.

Step 21. CheckX = 0 or Y = 0?

If X = 0 or Y = 0, go to step 20;

Else go to step 19.

# When the target is unattainable or the LS is bad, none of the selected CDs will be

successful.

C.3.2 FI Simulation in FP Setting

Step 1. Setf, t, bf , af , R,K,d andv to 0.

Step 2. IncreaseK byK1, t by t1.

With probability:

p1, go to step 3,

q1, stop and outputR andK.

Step 3. IncreaseK by e−γtK2, t by t2.

With probability:

p21, go to step 5,

p22, go to step 4,

q2, stop and outputR andK.

Step 4. Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(LS) and its correspondingk∗.

If PI(LS) > PI(ref),

IncreaseK by e−γtK4, t by t4, and with probability:

p4, increasef by 1,bf by 1, setL = 0, go to step 9,

q4, go to step 5.
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If PI(LS) < PI(ref), stop and outputR andK.

# k∗ is the PI-maximizing number of CDs to be selected from the next LS if it is suc-

cessfully optimized, as described on page 130. When we optimize a new LS we need to

compare its PI with the reference PI, and the attempt to optimize the LS is only made if

the PI for the new LS is greater than the reference PI.

Step 5. Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(LS) and its correspondingk∗.

If PI(LS) > PI(ref),

If conditionA orB holds, go to step 8; Else go to step 7.

If PI(LS) < PI(ref), stop and outputR andK.

# Whenever we calculatePI(LS) or PI(CD) we need to calculateW first. For detailed

calculations ofPI(LS) andPI(CD), and explanations for conditionsA andB refer to

Appendix B.

Step 6. Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(LS), its correspondingk∗ andPI(CD).

If PI(LS) > max(PI(CD), P I(ref)),

if either conditionA orB holds, go to step 8; Else go to step 7.

If PI(CD) > max(PI(LS), P I(ref)), go to step 17.

If PI(ref) > max(PI(CD), P I(LS)), stop and outputR andK.

# This is the point at which we need to decide whether to take an additional CD, to opti-

mize a new LS, or to stop. If the decision is to take a new LS, we need to decide whether

to do stage 3 alongside stage 4 depending on whether condition A or B holds. If the

decision is to take an additional CD, we will take that CD and will return to this step

afterwards.

Step 7. If f = 0, increaseK by e−γtK4, t by t4.

Else increaseK by e−γtK4ρ, t by ρt4.

With probability:

p4, increasef by 1,bf by 1, setL = 1, go to step 9,

q4, stop and outputR andK.

Step 8. If f = 0, increaseK by e−γt(K3 +K4), t by t4.
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Else increaseK by e−γt(K3ρ +K4ρ), t by ρt4.

With probability:

p3p4, increasef by 1,bf by 1, setL = 0, go to step 9,

p3q4, go to step 5,

q3p4, increasef by 1,bf by 1, setL = 1, go to step 9,

q3q4, stop and outputR andK.

Step 9. Checkf = 1?

If f = 1, go to step 10.

Else go to step 11.

Step 10. With probability:

pa, setX = 1, go to step 12,

1− pa, SetX = 0, go to step 14.

Step 11. CheckX = 0?

If X = 0, go to step 14.

Else go to step 12.

Step 12. With probability:

pb, setY = 1, go to step 13,

1− pb, setY = 0, go to step 14.

Step 13. Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

With probability:

pc, increaseR by e−γ1(t+tI+tII+tIII )λ
∑f

i=1
aiW−e−γt(cI+e−γtI cII+e−γ(tI+tII)cIII),

af by 1, go to step 15,

1− pc, go to step 14.

Step 14. With probability:

qI/Q, increaseR by e−γtcI ,

pIqII/Q, increaseR by e−γt(cI + e−γtI cII),

pIpIIqIII/Q, increaseR by e−γt(cI + e−γtI cII + e−γ(tI+tII )cIII).

Go to step 15.

Step 15.

If L = 0,

if bf < k∗, increaseK by e−γtK5, t by t5, bf by 1, go to step 16.

Else go to step 6.
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If L = 1,

If bf < k∗, increaseK by e−γtK5, t by t5, bf by 1, go to step 16.

Else increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC

from Pois(ξC∆t). LetW =W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(CD), if PI(CD) > PI(ref), go to step 17; Else stop

and outputR andK.

# If the current LS is the last LS to be optimized, we will decidewhether to take an addi-

tional CD or to stop after taking the optimal numberk∗ CDs from this LS. If the PI for an

additional CD is still greater than the reference PI, we takethat CD, otherwise we stop.

Step 16.If X = 0 or Y = 0, go to step 14.

Else go to step 13.

Step 17.IncreaseK by e−γtK5, t by t5, bi by 1, go to step 16.

C.3.3 FI Simulation in AP Setting

Step 1. Setf, t, bf , af , R,K,d andv to 0.

Step 2. IncreaseK byK1, t by t1.

With probability:

p1, go to step 3,

q1, stop and outputR andK.

Step 3. IncreaseK by e−γtK2, t by t2.

With probability:

p21, go to step 5,

p22, go to step 4,

q2, stop and outputR andK.

Step 4. Let p4 = m4.

Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(LS) and its correspondingk∗.

If PI(LS) > PI(ref),

increaseK by e−γtK4, t by t4, and with probability:
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p4, increasef by 1,bf by 1, setL = 0, go to step 9,

q4, go to step 5.

If PI(LS) < PI(ref), stop and outputR andK.

# This is the first attempt to optimize an LS, so we use the prior expectationm4 as the

success probability for stage 4 since there is no Bayesian update yet.

Step 5. If n3 = 0, let p3 = m3. If n4 = 0, let p4 = m4;

Else calculateE[p3] andE[p4] and letp3 = E[p3], p4 = E[p4].

Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(LS) and its correspondingk∗.

If PI(LS) > PI(ref),

if conditionA orB holds, go to step 8; Else go to step 7.

If PI(LS) < PI(ref), stop and outputR andK.

# If there is no update on the success probabilities for stages3 and 4 yet, their prior ex-

pectationsm3 andm4 are used. Otherwise their posterior expectationsE[p3] andE[p4]

are used..

Step 6. CalculateE[p3] andE[p4] and letp3 = E[p3], p4 = E[p4]. Calculate

E[pIi], E[pIIi], E[pIIIi] for i = 1, 2, . . . f . Increasev by 1. Let d [v] = t, and

∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

CalculatePI(LS), its correspondingk∗, PI(CD) and letc = i∗.

If PI(LS) > max(PI(CD), P I(ref)),

if either conditionA orB holds, go to step 8; Else go to step 7.

If PI(CD) > max(PI(LS), P I(ref)), let pI = E[pIc], pII = E[pIIc] and

pIII = E[pIIIc], go to step 13.

If PI(ref) > max(PI(CD), P I(LS)), stop and outputR andK.

# For the estimations ofE[p3], E[p4], E[pIi], E[pIIi], andE[pIIIi] refer to section 5.1.

For the calculations ofPI(LS) andPI(CD) refer to appendix B.2.PI(CD) is the PI

for an additional CD from LSi∗, 1 ≤ i∗ ≤ f , which gives the highest PI.

Step 7. If f = 0, increaseK by e−γtK4, t by t4.

Else increaseK by e−γtK4ρ, t by ρt4.

Increasen4 by 1, with probability:
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p4, increasef by 1,bf by 1, setc = f , L = 1,

calculateE[pIc], E[pIIc], E[pIIIc] and letpI = E[pIc], pII = E[pIIc] andpIII =

E[pIIIc], go to step 9,

q4, stop and outputR andK.

Step 8. If f = 0, increaseK by e−γt(K3 +K4), t by t4.

Else increaseK by e−γt(K3ρ +K4ρ), t by ρt4.

Increasen3 by 1, andn4 by 1, with probability:

p3p4, increasef by 1,bf by 1, setc = f ,L = 0, calculateE[pIc], E[pIIc], E[pIIIc]

and letpI = E[pIc], pII = E[pIIc] andpIII = E[pIIIc], go to step 9,

p3q4, go to step 5,

q3p4, increasef by 1,bf by 1, setc = f , L = 1, calculateE[pIc], E[pIIc], E[pIIIc]

and letpI = E[pIc], pII = E[pIIc] andpIII = E[pIIIc], go to step 9,

q3q4, stop and outputR andK.

Step 9. IncreaseR by−e−γtcI , with probability:

pI , go to step 10;

qI , got to step 12.

Step 10. IncreaseR by−e−γ(t+tI )cII , with probability:

pII , go to step 11;

qII , got to step 12.

Step 11.Increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC .

IncreaseR by −e−γ(t+tI+tII )cIII , with probability:

pIII , increase R bye−γ1(t+tI+tII+tIII )λ
∑f

i=1
aiW , af by 1, go to step 12;

qIII , got to step 12.

Step 12.

If L = 0,

if bf < k∗, increaseK by e−γtK5, t by t5, bf by 1, go to step 9.

Else go to step 6.

If L = 1,

If bf < k∗, increaseK by e−γtK5, t by t5, bf by 1, go to step 9.

Else increasev by 1. Letd [v] = t, and∆t = d [v]− d [v − 1].

GenerateNA from Pois(ξA∆t),NB from Pois(ξB∆t), andNC from Pois(ξC∆t).

LetW = W (1− fA)
NA(1− fB)

NB(1− fC)
NC . CalculatePI(CD),
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if PI(CD) > PI(ref), go to step 13; Else stop and outputR andK.

Step 13.IncreaseK by e−γtK5, t by t5, bc by 1, go to step 9.
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Bellman Equation

This appendix discusses the equality condition used to calculate the option value

in chapter 6. It is based on Dixit and Pindyck (1994, chapter 4).

A Bellman equation is a necessary condition for optimality associated with

dynamic programming. It writes the value of a decision problem at a certain point

in time as the sum of the payoff from the initial choice and theoptimal value of

the remaining decision problem that results from the initial choice. This breaks a

dynamic optimization problem into simpler subproblems.

D.1 Discrete Time

Let the state at timet be xt. At time t a choice of actions is available to the

firm. We denote the action chosen byut. The set of available actions depends on

xt. The state and control at timet in turn affect the firm’s immediate profit flow,

which we denote byπt(xt, ut). The discount factor between any two periods is

1/(1 + γ), whereγ is the discount rate.

Denote byFt(xt) the expected net present value of all the firm’s cash flows−when

the firm makes all decisions optimally from this point onwards. When the firm

chooses the control variableut, it gets an immediate profit flowπt(xt, ut). At the

next periodt+1, the state will bext+1, and optimal decisions thereafter will yield
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Ft+1(xt+1). This is random from the perspective of periodt, so we must take

its expected valueEt[Ft+1(xt+1)]. Discounting back to periodt, the sum of the

immediate payoff and the continuation value is

πt(xt, ut) +
1

1 + γ
Et[Ft+1(xt+1)].

The Bellman’s principle of optimality states:An optimal policy has the property

that, whatever the initial action, the remaining choices constitute an optimal pol-

icy with respect to the subproblem starting at the state thatresults from the initial

actions. Here the optimality of the remaining choicesut+1, ut+2,. . . , is subsumed

into the continuation valueEt[Ft+1(xt+1)], so only the immediate controlut re-

mains to be chosen optimally. Thus

Ft(xt) = max
ut

{πt(xt, ut) +
1

1 + γ
Et[Ft+1(xt+1)]}. (D.1)

Equation (D.1) is called theBellman equation, or the fundamental equation of

optimality. To reiterate, the first term on the right-side is the immediate profit,

the second term constitutes the continuation value, and theoptimum action this

period is the one that maximizes the sum of these two components.

In the setting of an infinite horizon, the value functionFt(xt) is common to all

periods, although it will be evaluated at different pointsxt. The Bellman equation

for anyt becomes

F (xt) = max
ut

{πt(xt, ut) +
1

1 + γ
Et[F (xt+1)]}.

Sincext andxt+1 could be any of the possible states, we write them in general

form asx andx
′

. Then for allx, we have

F (x) = max
u

{π(x, u) + 1

1 + γ
E[F (x

′

)|x, u]}, (D.2)

where we have now denoted the expectation as conditioned on the knowledge

of the current period’sx andu. This is the Bellman equation for the recursive

dynamic programming problem.
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D.2 Continuous Time

Suppose now each time period is of length∆t. Ultimately we are interested in

the limit where∆t goes to zero and time is continuous. We writeπ(x, u, t) for

the rate of the profit flow, so that the actual profit over the time period of length

∆t is π(x, u, t)∆t. Similarly, letγ be the discount rate per unit time, so the total

discounting over an interval of length∆t is by the factor1/(1 + γ∆t).

The Bellman equation (D.2) now becomes

F (x, t) = max
u

{π(x, u, t)∆t+ 1

1 + γ∆t
E[F (x

′

, t+∆t)|x, u]}.

Multiply by (1 + γ∆t) and rearrange to write

γ∆tF (x, t) = max
u

{π(x, u, t)∆t(1 + γ∆t) + E[F (x
′

, t+∆t)− F (x, t)]}

= max
u

{π(x, u, t)∆t(1 + γ∆t) + E[∆F ]}.

Dividing by ∆t and letting it go to zero, we get

γF (x, t) = max
u

{π(x, u, t) + 1

dt
E[dF ]}, (D.3)

where(1/dt)E[dF ] is the limit ofE[∆F ]/∆t. This is the Bellman equation for

continuous time.

On the right left side of equation (D.3) we have the normal return per unit

time that a decision maker, usingγ as the discount rate, would require for holding

the asset. On the right side, the first term is the immediate payout or dividend

from the asset, while the second term is its expected rate of capital gain. Thus the

right side is the expected total return per unit time from holding the asset. The

maximization with respect tou means that the current operation of the asset is

being managed optimally, bearing in mind not only the immediate payout but also

the consequences for future values.
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It ô’s Formula

This appendix is referred in the calculation of the stochastic differential dF in

equation (6.6) in chapter 6. It is based on Øksendal (2002, chapter 4).

Theorem ( The 1-dimensional Itô formula ).

LetXt be an It̂o process given by

dXt = udt+ vdzt.

Let f(x, t) be twice continuously differentiable on[0,∞)×R).

The It̂o formula gives

df(Xt, t) =
∂f

∂t
(Xt, t)dt+

∂f

∂x
(Xt, t)dXt +

1

2

∂2f

∂x2
(Xt, t)(dXt)

2, (E.1)

where(dXt)
2 = (dXt) · (dXt) is computed according to the rules

dt · dt = dt · dzt = dzt · dt = 0, dzt · dzt = dt. (E.2)

Sketch of proof.Using Taylor’s theorem we get

f(Xt, t) = f(X0, 0) +
∑

j

∆f(Xj, tj) = f(X0, 0) +
∑

j

∂f

∂t
∆tj +

∑

j

∂f

∂x
∆Xj

+
1

2

∑

j

∂2f

∂t2
(∆tj)

2 +
∑

j

∂2f

∂t∂x
(∆tj)(∆Xj) +

1

2

∑

j

∂2f

∂x2
(∆Xj)

2 +
∑

j

Rj,
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where ∂f

∂t
, ∂f

∂x
etc. are evaluated at the points(Xtj , tj), ∆tj = tj+1 − tj , ∆Xj =

Xtj+1
−Xtj ,∆f(Xj , tj) = f(Xtj+1

, tj+1)−f(Xj , tj) andRj = o(|∆tj |2+|∆Xj |2)
for all j.

If ∆tj → 0, then

∑

j

∂f

∂t
∆tj =

∑

j

∂f

∂t
(Xj, tj)∆tj →

∫ t

0

∂f

∂t
(Xs, s)ds,

∑

j

∂f

∂x
∆Xj =

∑

j

∂f

∂x
(Xj, tj)∆Xj →

∫ t

0

∂f

∂t
(Xs, s)dXs.

Moreover, sinceu andv are elementary we get

∑

j

∂2f

∂x2
(∆Xj)

2 =
∑

j

∂2f

∂x2
u2(∆tj)

2 + 2
∑

j

∂2f

∂x2
uv(∆tj)(∆zj)

+
∑

j

∂2f

∂x2
v2 · (∆zj)2. (E.3)

The first two terms here in equation (E.3) tend to0 as∆tj → 0. We claim the last

term tends to
∫ t

0

∂2f

∂x2
v2ds as∆tj → 0.

To prove this, puta(t) = ∂2f

∂x2
(Xt, t)v

2 andaj = a(tj) and consider

E
[(∑

j

aj(∆zj)
2 −

∑

j

aj∆tj
)2]

=
∑

ij

E[aiaj((∆zi)
2 −∆ti)((∆zj)

2 −∆tj)]. (E.4)

If i 6= j then((∆zi)2−∆ti) and(∆zj)2−∆tj are independent so the correspond-

ing terms in equation (E.4) vanish in this case. So we are leftwith
∑

j

E[a2j ((∆zj)
2 −∆tj)

2] =
∑

j

E[a2j ] · E[(∆zj)4 − 2(∆zj)
2∆tj + (∆tj)

2]

=
∑

j

E[a2j ] · (3(∆tj)2 − 2(∆tj)
2 + (∆tj)

2) = 2
∑

j

E[a2j ] · (∆tj)2

→ 0 as∆tj → 0.
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In other words, we have established that

∑

j

aj(∆zj)
2 →

∫ t

0

a(s)ds as∆tj → 0,

and this is often expressed by the striking formula

(dzt)
2 = dt. (E.5)

The argument above also proves that
∑
Rj → 0 as∆tj → 0. That completes the

proof of the Itô formula.
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Root Finding Techniques

This appendix describes the two standard root finding techniques mentioned in

this thesis. The Newton-Raphson method is used to find the optimal PI and IRR

with respect to allocation variables (section 4.3.3). The bisection method is used to

calculate the parameter values of a beta distribution giventwo quantile conditions

(section 5.2).

F.1 Newton-Raphson Method

Perhaps the most celebrated of all one-dimensional root-finding routines is the

Newton-Raphson method. This method requires the evaluation of both the func-

tion f(x) and the derivativef ′(x), at arbitrary pointsx. The Newton-Raphson

formula consists geometrically of extending the tangent line at a current pointxi
until it crosses zero, then setting the next guessxi+1 to the abscissa of that zero

crossing. Algebraically, the method derives from the Taylor series expansion of a

functionf(x) at some pointx0,

f(x) ≈ f(x) + (x− x0)f
′(x) +

(x− x0)
2

2
f ′′(x) + o(|x− x0|2).
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Setting the quadratic and higher terms to zero and solving the linear approximation

of f(x) = 0 for x gives

x1 = x0 −
f(x0)

f ′(x0)
.

Subsequent iterations are defined in a similar manner as

xn+1 = xn −
f(xn)

f ′(xn)
, (F.1)

the process is repeated until a sufficiently accurate value is reached.

Next we consider the algorithm’s rate of convergence. Within a small distance

ǫ of x, the function and its derivative are approximately

f(x+ ǫ) = f(x) + f ′(x)ǫ+
f ′′(x)

2
ǫ2 + . . . , (F.2)

f ′(x+ ǫ) = f ′(x) + f ′′(x)ǫ+ . . . .

By the Newton-Raphson formula,

xi+1 = xi −
f(xi)

f ′(xi)
, (F.3)

so that

ǫi+1 = ǫi −
f(xi)

f ′(xi)
.

When a trial solutionxi differs from the true root byǫi , we can use (F.2) to express

f(xi), f ′(xi) in (F.3) in terms ofǫi and derivatives at the root itself. The result is

a recurrence relation for the deviations of the trial solutions

ǫi+1 = −ǫ2i
f ′′(xi)

2f ′(xi)
. (F.4)

Equation (F.4) says that Newton-Raphson converges quadratically. Near a root,

the number of significant digits approximately doubles witheach step. This very

strong convergence property makes Newton-Raphson the method of choice for

any function whose derivative can be evaluated efficiently,and whose derivative

is continuous and nonzero in the neighborhood of a root.
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The Newton-Raphson method can also be used to find the minimumor max-

imum of a functionf(x). The derivative is zero at the minimum or maximum, so

the minima or maxima can be found by applying Newton-Raphsonmethod to the

derivativef ′(x). The iteration becomes:

xn+1 = xn −
f ′(xn)

f ′′(xn)
. (F.5)

F.2 Bisection Method

The bisection method is a root-finding method which repeatedly bisects an interval

then selects a subinterval in which a root must lie for further processing. It is very

simple and robust, but it is relatively slow.

Two initial pointsa andb which bracket the root are required such that

f(a)f(b) < 0.

By the intermediate value theorem the continuous functionf must have at least

one root in the interval[a, b]. The method now divides the interval in two by

computing the midpointc = (a + b)/2. Evaluatef(c) and examine its sign.

Unlessc is itself a root, there are now two possibilities. Iff(a)f(c) > 0 replace

a by c; otherwise iff(b)f(c) > 0 replaceb by c. After each iteration the interval

containing the root decreases by a factor of two. We continueuntil we have a

bracket sufficiently small. If aftern iterations the root is known to be within

an interval of sizeǫn, then after the next iteration it will be bracketed within an

interval of size

ǫn+1 = ǫn/2.

Thus, we know in advance the number of iterations required toachieve a given

tolerance in the solution,

n = log2

ǫ0
ǫ
,

whereǫ0 = b − a is the size of the initial interval andǫ is the desired ending

tolerance.
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If the interval[a, b] happens to contain more than one root, bisection will find

one of them.
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