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Abstract

Pharmaceutical R&D is time-consuming, extremely costly gmwolves great un-
certainty. Although there is a broad range of literaturetatistical issues in clin-
ical trials, there is not much that focuses directly on thelelling of pre-clinical

research.

This thesis investigates models and associated softwairapooving decision-
making in this area, building on earlier work by the same aede group. We
introduce a class of adaptive policies called forwards atidn policies for can-
didate drug selection, and show that these are optimal, avistraightforward
solution algorithm, within a restricted setting, and areally close to optimal
more generally. We also introduce an adaptive probalslitedel that allows
the incorporation of learning from a project’s progresg itite planning process.
Real options analysis in the evaluation of project valuassussed. Specifically,
we consider the option value of investing in clinical trialsce a candidate drug
emerges from pre-clinical research. Simulation algorglame developed to inves-
tigate the probability distributions of the total rewarotal cost, profitability index
and the required future resource allocations of a pharnti@e¢yproject under a
given allocation plan. The ability to simulate outcome ligttions means that we
can also compare the riskiness of different projects antigdims of projects.
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Chapter 1

Introduction

1.1 Pharmaceutical R&D Summary

This introductory section provides a general discussiothencurrent problems
and challenges faced by the pharmaceutical R&D sector, assille means of
tackling these problems. The material discussed in thissess based on re-
cent reports concerning the current and future state oftithenpaceutical industry
by Accenture (2005, 2007), PricewaterhouseCoopers (2@828) and Company
(2009, 2010), McKinsey (2010) and the references thereimes& reports have
contributed equally as they all describe the situation ny g@milar terms.

The world needs the pharmaceutical industry to succeedoréiog to the
World Health Organization, heart disease, stroke, cacbeonic respiratory dis-
ease and diabetes cause more than 60% of all deaths worldWittemajor health
problems still unsolved, the pharmaceutical industry seegbrime its innovation
pump and achieve better results.

Few industries have a more complex business model than Hrenploeutical
sector. The pharmaceutical industry also spends more eanasand develop-
ment, relative to its sales revenue, than almost any othiersiny. According to
an estimate by Bain and Company, the industry’s spendingrog B&D stood
at £40 billion in 2007, up roughly 56% from 2001. PharmaceutiR&ID is in-
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creasingly risky, costly and at times inefficient. Estinsadé the average cost of
bringing a new drug to market range frd8&800 million to£1.2 billion, extending
over a period of around 10-15 years.

The pharmaceutical R&D process consists of two major phalissovery
and development. Drug discovery (or pre-clinical researshthe process by
which drugs are discovered and/or designed. Once a comgmasghown its
value in discovery, it will begin the process of drug devehgmt (or clinical tri-
als). Out of every 5000 potential new development compoushetgtified during
the discovery process, only five are considered safe fomtggt human vol-
unteers after pre-clinical evaluations. After three tosears of further clinical
testing in patients, on average only one of these compoultidsately emerges
as a marketable and regulatory-approved drug. Then onlyte8@9% of drugs
launched recover their risk-adjusted cost of R&D - a rat¢ ithhkely to deterio-
rate further given the increasing demands of payers angsecgencies that want
more value for their money (Hariharan and Singh, 2010). Teectheir costs,
pharmaceutical manufacturers traditionally rely on a féeckbuster compounds
to make up for the underperformers. But blockbusters areaiesivfar between.
In 2009, 19 new molecular entities (NMEs) were approved leyUls Food and
Drug Administration (FDA), a volume which is much lower thidwe industry and
investors would like it to be.

The pharmaceutical industry has reached a tipping pointh Yeiw excep-
tions, pharmaceutical companies have been unsuccesatthieving their growth
objectives. The industry as a whole has created limitedesimdder value since
2000, underperforming the S&P 500’s own tepid results. [Bitareholder return
from the beginning of the decade through year-end 2007 whs20r% for the
pharmaceutical industry versus 3.6% for the S&P 500 and %Rte relatively
low-growth consumer goods sector (Russell and Gjaja, 2008) pharmaceutical
industry has entered a period of significant uncertaintyteauakition, character-
ized by rising R&D cost, declining productivity and increagattrition rates.

Over recent years, the costs of pharmaceutical R&D havedo#ccording
to the 2009 annual report by the European Federation of Ritautical Industries
and Associations (EFPIA, 2009), between 2004 and 2008 ndgutical R&D
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expenditure has risen by about 7% annually. The industwgsaage R&D expen-
diture as a percentage of sales stood at 16% in 2008, moredtharied since
1980. The increasingly complex nature of science, the fogmt cost of ever
larger clinical trials and the amount of resources needegkt@pproval by reg-
ulatory authorities are the primary reasons for this exptiakincrease of R&D
costs. The financing of such R&D expenditure requires a swestand substantial
investment.

However, continued growth in R&D spending has appeared\e hiile ef-
fect on the pace at which new drugs are developed. Annuabsaglsrof NMEs
by the FDA experienced a pronounced decline since the m@@4.9In this de-
cline, the total number of NMEs approved each year fell frofmigh of 53 in
1996 to 19 in 2009. As a result, the average R&D cost per newy das grown
significantly, while prices worldwide are under pressure&DRproductivity, as
measured by R&D expenditure per NME license applicationlided on average
by 21% annually for 10 years since 1998 (Bain and Company9200

More than 80% of compounds that enter clinical trials aretided to fall
out of the development pipeline. Attrition rates of this migde are the single
biggest cause of the industry’s productivity challenge. 1@ McKinsey report
(Singh et al., 2010) tracking the attrition rates of morentB8z2000 compounds in
each phase of development showed that overall clinicalesscates fell between
1996 and 2007. Their research shows that success ratesselptrave been rel-
atively stable, having stood at around 65% for the past 1&sydsdter a dip earlier
in the analysis period, success rates in pHdgeare recovering, from 50% in 2003
to 60% in 2007, leaving the attrition in phagé as the single biggest reason for
declining success. The phakEsuccess rate has decreased 16% since 1997, lead-
ing to a rate of 33% in 2007. The McKinsey analysis also regkaldecline in the
success rates in most therapeutic areas. The averageedisclirb%, but the fig-
ure varies by therapeutic area: oncology success ratednapped by 3.2% and
endocrine by 13%. Declining productivity and expensivedsiiage failures have
led to an urgent need for reassessment of the criteria ussdact compounds for
progression. Inadequate understanding of the commerala@entific drivers of
these processes is a major obstacle to improved decisiomgak

For a description of the phases of clinical trials see sadi@.
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Drug discovery organizations have not been able to delivethe expecta-
tions they set for themselves. The pressure will continu@doease and inten-
sify as products come off patent and society reaches theslwhwillingness and
ability to pay for pharmaceutical innovation. Faced withigoé expirations, ris-
ing expenses, competition from generics and pressure ardédadrug prices,
big pharma’s revenue gap could balloon to alnfff billion by 2014 (Bain and
Company, 2010). If pharmaceutical R&D is to remain at thefiant of medical
research, and continue helping patients to live longeiiiiealives, pharmaceu-
tical companies will need to change their fundamental prestand underlying
research processes.

For instance, companies need to integrate genomics, pnatsand other
technologies to improve target identification and attrifiand to enhance lead op-
timization and improve clinical trial design so as to speggraval, and shift from
broadly targeted drugs to more focused medicines with migineln therapeutic
value for the target population. These emerging technetobave the potential
to fundamentally change the drug discovery process, byviabtéeng at multiple
points to increase the speed and to reduce attrition ratearly discovery, as
well as by improving the quality of the compounds. Pharmaoognics may im-
prove the success rate of clinical trials through use oepagubsets with specific
genetic risks and reduced chances of toxicities and siéetsff This genetic pro-
filing can reduce clinical trial costs and increase the ssecates of drugs after
launch. Some drugs that have been shelved may be revivedafieexamination
with reference to specific genetic subsets. Genetic vanatamong individuals
may suggest the need for individualized treatments anaoréalldrugs. Exploiting
this opportunity will require companies to introduce gsmet-based diagnostics
into personalized medicine, which will have broad impactha industry. And
further, using genotype-based elimination of major sideat$ will actually cre-
ate even larger blockbuster products than is possible bastmtlay’s approach to
developing and prescribing medicines.

Creating partnerships and alliances will enable compaailbscome ‘virtual’
entities, with streamlined parent companies tied to oatailances that provide
fast access to critical capabilities. They also offer thpasfunity to experiment
with emerging technologies and facilitate involvementpedfic disease or ther-

10
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apeutic areas. Much of the innovation needed to fuel the tr@xpectations
of leading pharmaceutical companies is occurring in théeolmology sector.
To survive, leading pharmaceutical companies will need &kenbetter use of
innovation in this sector. As the competition for valuebdsling partnerships
with biotechnology firms increases among the pharmaceéuwtarapanies, they
will need to respond by overcoming some of the existing besrio effective al-
liances between the two sectors and by developing new cemgies in alliance
evaluation and management. Alliances are increasinglylpojor the opportu-
nities they offer for collaboration, knowledge sharing aedource sharing and
as catalysts for fundamental change. The winners in thengdly competitive
environment will be those companies that recognize ext@énnavations as crit-
ical to their future success and therefore build the styateganization, process
and technology elements needed to support and enhancédebveness of their
alliance activities.

R&D organizations will need to cope with ever-expandingwoés of rel-
evant data crucial to the business. They will need to embeewa imtegrated
technology system in R&D processes to connect disparate mibrmation and
technology. To work effectively using the new networked ragh, R&D orga-
nizations need to strengthen their capabilities to supgantanced collaboration
and integration, encompassing both internal and extetaltkolders, in a man-
ner that accommodates both structured and unstructuredhation. To foster a
truly global R&D approach, R&D organizations will need tovdtop a flexible in-
frastructure, one that is highly secure, yet also elasticcaist-effective. To utilize
a wealth of available internal and external data, R&D orgatidns will need to
enhance their capabilities to assimilate and interpretde\array of inputs, rang-
ing from sentiment monitoring and social networks to fuligithl operational
data that is integrated and accessible. The pharmaceR&dalsectors will also
be required to incorporate a broad spectrum of analyticpaadictive capabili-
ties, ranging from simulation and modelling tools to viseation techniques that
provide the means to absorb massive volumes of data.

One critical competence for increased performance in dgesgowill be the

2Technological application that uses biological systemsnd organisms, or derivatives
thereof, to make or modify products or processes for spagcsic

11
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need for more rapid and accurate prioritization and decisiaking. R&D lead-
ers grapple with decisions about program termination, lacagon, resourcing
and prioritization. Project termination decisions areeesgly difficult and can
cost a company hundreds of millions of pounds if made too Ebe current high
attrition rate in clinical trials suggests that companiagenoverlooked or ignored
key signals, and in some cases made poor decisions aboutsasper which they
have substantial control. The growing complexity of disgvoperations and
the increasing importance of managing functional intex$acave led some com-
panies to examine how to best create discovery operatirtfpptas. Companies
need to improve their performance and quality of output ynahg the discovery
process to overall strategy and integrating new scientifit iaformation tech-
nologies with the decision-making and resource manageai¢hé organization.

Careful portfolio analysis is the key to making right deaiss, and R&D lead-
ers can increase returns by identifying and removing podiopeers from the
portfolio earlier in development. One of the barriers to lempenting portfolio
decisions lies in poor linkages to resource planning systeékacording to a sur-
vey conducted by Accenture (Accenture, 2001), 90% of ppetong companies
have developed resource planning systems for discovecg €i@97. However
these are rarely directly linked to the portfolio managensgstem. In the major-
ity of cases, the system is used only to track utilizatioheathan for forecasting
or modelling resource usage. The result is that resouroeatibns often become
disconnected from and out of alignment with the portfolimttgy, and supply
and demand mismatches of resource arise .

Decision-making itself is a weakness in the industry. Apprately 50% of
participants in the 2001 Accenture research considereidaemaking within
the discovery organization to be ineffective and generslibyv. There is a clear
need in many companies to define a hierarchy of decision tgpdsdentify the
bodies best able to take them. One common approach has bewmddully em-
power project leaders to make decisions, particularly eamog the progression
of projects along the discovery process. Success has mencslused in part by
differing perceptions of who is ultimately responsible &xch decision and also
through variable interpretations of milestones and inist@scies in transitioning
from one to another. Perhaps most harmfully, there is oftehatage of true

12
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project management skills among discovery scientists atabts to support their
decision-making processes.

As aresult, there is a clear and widely recognized need fexéfe, reliable
and user-friendly tool which assists the project planniragpss 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, inclgdainemists and phar-
macologists, who identify cellular and genetic factord tilay a role in specific
diseases. They search for chemical and biological subssathat interact with
these biological markers and are likely to have drug-likeat$. An investiga-

tional compound must be tested extensively in the laboyatoensure it will be

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

Once the disease which is to be treated has been identifiegeadeoportion
of discovery projects proceed through the following se@eeasf operations.

e Before they can develop a medicine, bioscientists mustuirderstand the
biology of the disease they are trying to treat. Drugs uguadt on either
cellular or genetic chemicals in the body, known as targetsch are as-
sociated with the relevant disease. Scientists use a yarfiéechniques to
identify and isolate individual targets to learn more alibatr functions and
how they influence disease. To select targets most likelgtodeful in the
development of new treatments for disease, researchengareraach drug
target to others based on their association with a specs&ade and their
ability to regulate biological and chemical compounds ia blody. This is
known as target identification and validation. Bioscidstiien work out a
hypothesis for the way in which a chemical intervention ie body’s pro-
cesses might achieve the desired therapeutic result, ansedests using
animal tissue or live animals in order to screen compoundeefevant ac-
tivity. We refer to this first stage at which target is idertifiand validated,
asbefore screening

13
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e Chemists select and/or synthesize compounds which argrekesin the
hope of finding relevant activity. These compounds are stibjescreening
tests. The initial screen is usually a high throughput rimisatreen on tens of
thousands of library compounds. When a compound with a geritig high
level of activity has been found, other compounds with clvahstructures
which are similar are synthesized and tested. The origtaleecompound
is termed dead compoungdand the later compounds with similar structures
form alead seriegLS). Thus, alead compound is a lead in the investigation,
like a piece of evidence in police work.

e Compounds from a chosen LS are tested in a variety of wayshimat
peutic activity and toxicity in the hope of finding one whichsufficiently
promising to be nominated ascandidate drugCD), which will proceed
to clinical trials. This process is known $sad optimization This is the
most resource-intensive stage in drug discovery, requiconsiderable in-
put from synthetic chemistry, modelling, disease biologgl assay design.
The early stages of the lead optimization process are ydoalised on in-
creasing antibodies’ affinity to their target of interestlachieving desired
selectivity. Selectivity requirements vary from targetaoget and, in par-
ticular, between different therapeutic areas. Once a mt#ds identified,
the next step is to check its ADMET (adsorption, distribntimetabolism,
excretion, and toxicity) properties. The real challengkead optimization
is balancing when to focus on each of the different desirpldperties and
deciding when to abandon an LS (Hubbard, 2006). Lead opditioiz typi-
cally takes 18-30 months, depending on the complexity ofetrget biology,
the resource deployed and the chemistry of the LS.

e Any subsequent CD selected for development after the firsisGiglected
from an LS is called dackup CD After finding the first CD from an LS
we can look for a CD from a different LS, or look for backup CDsnfi
the same LS, or not look for any more CDs. At most 20% of CDs are
eventually marketable, so typically more compounds areeswrd while a
CD is undergoing clinical trials, so that one or more backampounds
may in turn be selected as CDs. These may be from more than $ne L
which reduces the risk that they will all fail for the samesea.

14
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In summary, the discovery process can be modelled by fiveesso®@ stages.

H

. Before screening.

N

. Looking for an LS.

w

. Looking for a backup LS.

4. Optimizing an LS to find a CD.

(62}

. Looking for a backup CD from an LS which has already progidae or
more CDs.

To begin the drug development process, pharmaceutical @oiepneed to apply
for permission from the appropriate regulatory authasiteebegin administration
to healthy volunteers or patients. In addition, an ingtial or independent re-
view board (IRB) or ethical advisory board must approve tteqeol for testing
as well as the informed consent documents that voluntegnspsior to partic-
ipating in a clinical study. An IRB is an independent comeetf physicians,
community advocates and others that ensures a clinicéligriethical and the
rights of study participants are protected.

Clinical trials also take place in a sequence of stages,|lysederred to as
phases. Progress to each phase depends on success ai@lippases. In each
successive phase, increasing numbers of patients ard.teste

Phasel clinical studies are designed to verify safety and tolditgbof the
CD in humans and typically take six to nine months. These laditst studies
conducted in humans. A small number of subjects, usualin 26 to 100 healthy
volunteers, take the investigational drug for short pesiofitime.

Phasel I clinical studies are designed to determine effectivenaddarther
study the safety of the CD in humans. Depending upon the tipeestigational
drug and the condition it treats, this phase of developmeneérglly takes one to
two years. Testing is conducted with up to several hundrédmta suffering from
the condition the investigational drug is designed to tréhts testing determines
safety and effectiveness of the drug in treating the comligéind establishes the

15
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minimum and maximum effective doses. Most phégeclinical trials are ran-
domly divided into groups, one of which receives the ingegibnal drug, one
of which gets a placebo containing no medication, and sonastithere is a third
group that receives a current standard treatment to whhelv investigational
drug will be compared. Most phagé studies are double-blinded, meaning that
neither the patient nor the research team evaluating th@cond know whether

a given patient is receiving the investigational drug orpleeebo.

Phasel /1 studies provide expanded testing of effectiveness andysafe
an investigational drug, usually in randomized and blind&dical trials. In
phasel /1 studies, safety and efficacy testing is conducted with s¢Vvemdred
to thousands of volunteer patients suffering from the coordthe investigational
drug treats. The trials are also required to establish tbe-¢rm and long-term
safety/efficacy balance of the CD. Phddd studies on average take two to four
years to complete, and approximately two-thirds of CDs ustledy are eventu-
ally submitted for regulatory approval.

At the conclusion of successful pre-clinical and cliniedting, an application
is made for marketing approval to the relevant licensingauity. The application
must present substantial evidence that the drug will havefflect it is represented
to have when people use it under the conditions for which lecommended.
Obtaining approval to market a new drug frequently takewéen six months and
two years. Marketing approval gives the manufacturer tjiat tio market the drug
exclusively under a trademark name for the time remaininthefpatent life of
the drug. After the patent expires, other companies areigedrio manufacture
and launch generic forms of the drug.

Once a drug has been approved and is being marketed, it isdtinch phase
IV clinical trial to evaluate the side-effects of the new tneamt that were not
apparent in phasg/ [ trials, and to find out the long term risks and benefits. Such
post-marketing clinical studies are mandatory in somesglictions.

Companies spend on average 27% of their R&D budgets on disgoBlin-
ical trials (phased, I and [11]) together account for 54% of R&D budgets,
while an additional 14% of R&D investment is spent on phagetrials once
the medicine has been approved by the regulatory autheritmeaddition, about
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5% of the R&D budgets is allocated to the approval proces®(EF2010).

Further information on the drug discovery and developmeotgss can be
found in Bergman and Gittins (1985), Gittins (1997), and &odt al. (2001).

1.3 Context of this Work

The whole R&D process is time-consuming, costly and invetyesat uncertainty.
There is no aspect to which statistical methods cannotibomd. From screening
chemicals for activity to forecasting sales, they have nmsgamificant contribu-
tions to the development of pharmaceutical R&D methodalddyere is a broad
range of literature on statistical issues in pharmaceuR&D decision making,
which include project evaluation, resource allocatiorarpilacoeconomics, port-
folio management, and the design and analysis of clini¢alstr The journals
Pharmacoeconomic®&D ManagementandPharmaceutical Statisticare good
sources for such literature. The earlier literature iseead by Bergman and
Gittins (1985).

The book edited by Rodda et al. (2001) provides a generakguoidtatistical
methods used in the pharmaceutical industry. The volumedsas contributions
from more than 20 statisticians working in the industry. Theg development
process is described from the viewpoint of statistical iggpibns. The authors
describe studies, data, methods, and results that finaty/tie a new drug. The
topics cover all aspects of the R&D process from pre-clirsefety assessment to
dose finding, safety studies, large clinical trials, anceotesues from analysis of
health economic data to production and quality assessment.

Walley et al. (2004) examine how pharmacoeconomic analyese$e incor-
porated sensitively into the drug development process andoffer significant
improvements in the discipline and mode of thinking in decisnaking relat-
ing to the use of therapeutic drugs. Miller (2005) discuskesuse of five main
pharmacoeconomic analytic techniques: clinical trialidation, option pricing,
investment appraisal, threshold analysis and value ofnmé¢ion analysis. These
can provide useful input into the design of clinical devetmmt programmes,
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Chapter 1 Introduction

portfolio management and optimal pricing strategy. Howelkthe techniques
described are concerned with clinical rather than preedinesearch.

Senn (1996, 1998) examines various aspects of portfolicagement and
project prioritization within the pharmaceutical indystin these papers, prob-
ability of success, expected reward, and expected costartified as the key
factors for evaluating a research project, and the streraytd weaknesses of the
profitability (or Pearson) index (defined as the ratio betwtde expected net
present value and the expected cost of the project) for grogaking are also
discussed.

The paper by Poh et al. (2001) presents a good comparatihe@tthe com-
monly used evaluation methods in R&D management for the tpastdecades.
Based on the criteria proposed by the authors, their stuowslthat the scoring
method is the most common method of R&D project evaluatiorabse of its
ability to deal with the many dimensions of R&D problems atsdsimplicity in
formulation and use. They also show that Analytic HierarBhgcessing (AHP),
when used as an R&D evaluation method, is a close second sodh@g method.
AHP is capable of handling multiple objectives for R&D prcigand decompos-
ing the problem into a multilevel structure or hierarchyeTecision tree method,
as the study reveals, is a popular method because of itssilgities and abil-
ity to deal with risk and uncertainty. However, these resalte not confined to
pharmaceutical R&D, and the methods described are notphatly relevant to
pre-clinical research.

The application of real options analysis in the pharmacatindustry is rel-
atively new but has attracted a growing amount of interegte theory of real
options, introduced by Kester (1984) and Myers (1984), leaslutionized the
way academics and practitioners think about investmenegi®by explicitly in-
corporating managerial flexibility into the analysis. THexibility can represent
a substantial part of the value of pharmaceutical projedis;ch are characterized
by long time horizons and great uncertainty. Neglectinguit grossly undervalue
these investments and induce a miss-allocation of ressuRsal options models
are based on the assumption that there is an underlyingesofionicertainty, such
as the price of a commaodity or the outcome of a research grapaer time, the
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outcome of the underlying uncertainty is revealed and marsagan adjust their
strategy accordingly. In fact, most pharmaceutical R&Disleas can be seen
as options, for example, the decision to enter into a newraontthe decision to
terminate a project, or the decision to sell off the paterartother company. The
pharmaceutical giant Merck was one of the pioneers in theotisptions anal-

ysis to value its investment opportunities, where it firstdishe Black-Scholes
option pricing model to evaluate a proposed business oelstiip with a small

biotechnology company. Its use of this technique receivetsiclerable attention
in business publications (for example, Nichols, 1994; 8endi994; Thackray,
1995), and also facilitated the increasing application®af options in this field.

See, for example, Myers and Howe (1997), Childs and Trigh899), Loch and

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

It is striking that the statistics literature is concernédast exclusively with
clinical, rather than pre-clinical, research. There isck laf an established frame-
work, both in the literature and in the pharmaceutical itdyior modelling
pre-clinical research. The comment by Miller (2005) for rexde, that there is
currently very little pharmacoeconomic planning in theyatages of drug R&D
supports this view. This is where our work fits in. We have niledethe pre-
clinical stages of research, in discussion with people worikn the industry, in a
much more detailed fashion than is to be found elsewhere.a®uis to evalu-
ate the profitability and facilitate the effective allocatiof 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 modelsaft@are for im-
proving the profitability of pharmaceutical R&D carried dayt John Gittins and
his co-workers in Oxford. Gittins (1996, 1997) proposedaisastic model to
investigate the profitability and resource allocation ofhanpnaceutical research
project, which is a prototype model for later work. In his reb@ittins divides the
drug discovery process into four stages and examines thgamthips between
the profitability index for a project and the number of sdistallocated to each
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stage and the number of CDs selected from each LS. The maahusoon from
the Gittins model is that larger teams than those which weea typical would
lead to a substantial increase in the profitability of a gieieal project in many
cases. Chen (2004) extends this model by incorporatingnalteate of return as
a second profitability criterion, and also considers theéooptalue of waiting to
start an investment. Yu and Gittins (2007) extend earliede®by considering
the possibility of selecting CDs from more than one LS. Anarignt conclusion
is that it is often worth incurring the additional cost of mpizing more than one
LS in the search for CDs, so as to reduce the risk of a stringds @hich all fail
for similar reasons. Charalambous (2009) further develbpsnodels by more
detailed modelling of the pre-clinical stages and of chicials.

The starting point for this thesis is the model investigdigdCharalambous
(2009), which is based on the earlier work of Chen (2004) andaivd Gittins
(2007). Chen’s model is the basis for the first version of tHRRAA software
package, initially written in FORTRAN 90. OPRRA is the acyanfor Opti-
mizing Pharmaceutical Research Resource Allocati@ter versions of OPRRA
have been written in Visual C++ in order to provide a more digsendly inter-
face. The overall aim of this thesis is to further advance RRRpartly through
improving the models and solution algorithms and partlptigh improving the
software itself.

All the previous work was based on a class of non-adaptive €Bcson
policies in a fixed probabilities setting. These policiegénbeen termeds, n)
policies, and are described in detail in section 4.3. Thepatcadapt flexibly to
the record of successes and failures at the various stagkéscoiery and clinical
trial phases as the project progresses. They also only give estimates of the
expected reward, cost and profitability index. In this teésiave addressed these
deficiencies.

One major improvement is the introduction of a class of adagED selec-
tion policies calledorwards induction(FI) policies. The principle of forwards
induction is that the next decision is always the one thatimiaes the immediate
expected reward rate, with no attempt to look further ah#dtus defines a kind
of myopic greedy algorithm. We shall see that FI policies@gmal for a sim-

20



Chapter 1 Introduction

plified CD selection problem, and are usually close to optimare generally. Fl

policies may be implemented in an adaptive probabiliti¢sge which allows for

learning about success rates as the project proceeds. ddpsiae setting using
Bayes theorem to update success probabilities is desdrilmpter 5.

| have developed simulation algorithms to investigate ttabability distri-
butions of total reward, total cost, profitability index darequired future resource
allocations, both for a single pharmaceutical project uadgiven allocation plan
and for a portfolio of projects. These simulation algorigwmay be used to inves-
tigate both types of CD selection policy under differentiabilities settings.

A further improvementis the adoption of option valuationdandidate drugs.
This takes into account the uncertainty in the future incéorige generated from
the new drug by allowing it to fluctuate according to a jumfition process,
where obsolescence and catastrophic events that may $uddéuace the value
of the project are modelled as Poisson jumps. It also alloe®ption of not pro-
ceeding to clinical trials when the estimated income tunnsto be smaller than
anticipated.

These additional featuré$ave been incorporated into the current version of
the OPRRA software. Two standard capital budgeting investrariteria are sug-
gested for evaluating the profitability of research prgeantd to guide resource
allocation decisions in OPRRA. These are the projgutditability index(Pl) and
its internal rate of return(IRR). These criteria require a complete accounting of
costs, and put pressure on actively reducing them. Theyledgbto a more ef-
ficient allocation of resources and can take into accouns#ugiential nature of
the decisions concerned. Their use should lead to diseiglianding decisions
at every major stage and ensure that money is spent only omakse attractive
projects. The purpose of the OPRRA software is to assishpéegutical compa-
nies in taking decisions which improve profitability on CDex#ion and on rates
of resource allocation during pre-clinical pharmaceutregearch. Pre-clinical
research is very different from clinical trials, on whicleth is a huge literature.
Two of the important differences are that it mainly invohasemists and biolo-
gists rather than clinicians, and that there are fewer e¢gny constraints on how

3Apart from the option valuation model, which will be builtinOPRRA in due course.
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it is conducted. OPRRA focuses on this relatively unstmeduarea. It should
be used as an aid to inform the periodic meetings at whiclclmesal research
projects are selected and prioritized (OPRRA user-guidtin&et al., 2011a).

1.5 Contents Overview

In the next chapter we introduce some aspects of the OPRRAImddch are
prerequisite to what is discussed in chapter 3. These ieghugiject stages, prob-
abilities, the expected values of successive candidatgsdand profitability cri-
teria.

Chapter 3 introduces the forwards induction approach to €8&ction prob-
lems in pharmaceutical research. We consider two selegtionlems, one of
which is the simplified problem where we restrict our choi€€Dbs to only one
LS. We show in section 3.2 that a forwards induction policppimal for this
restricted case. The properties of Fl policies in the moreegd problem are dis-
cussed in section 3.3. This chapter is based on a paper (QGittints, 2011)
which is to be published iddvances in Applied ProbabilityThe paper also in-
cludes some of the material from chapter 7.

Chapter 4 gives more detailed modelling of the OPRRA modéke Wwork-
rate/progress relationship, discounting and obsolescarediscussed. The var-
ious classes of allocation policy are summarized, togethir a detailed intro-
duction to thes, n) class of CD selection policies. Finally, new features theaieh
been added to OPRRA are described at the end of this chapter.

The feedback which comes in the form of the record of suceessd fail-
ures of a project in the successive stages of discovery,ratiteisimilar records
for candidate drugs in each phase of clinical trials, isuded in an adaptive
probabilities model introduced in chapter 5. This modebljtes a means for in-
corporating learning from a research project’s progressate into the planning
process. The assumptions of the model are described irosegtl. We then
explain how to estimate the hyper-parameters of the preiridutions in section
5.2. Finally in section 5.3 we discuss how FI policies canrbplemented in this
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adaptive probabilities setting.

Chapter 6 discusses the option valuation approach in evdusharmaceu-
tical R&D investment opportunities. It exploits an analogith the theory of
options in financial markets which permits a much richer dyiaframework
than was possible with the traditional theory of investmeXgeneral overview
of the theory of real options and its application in R&D demismaking is given
in section 6.1. The real options model is formulated in sec@.2, where we as-
sume that the value of a new drug is affected by both econontgentainty and
the discontinuous arrivals of rare events from distinctrees. The option value
of whether to proceed to clinical trials is calculated. Theorporation of this
option value in the calculations of profitability for difiemt CD selection policies
is discussed in section 6.3 .

Chapter 7 provides some results comparing the various @atiion proce-
dures employed by OPRRA to optimize the profitability ind€anclusions aris-
ing from the results are drawn and commented on. Recommniendain the use
of OPRRA are then given based on these findings.

OPRRA has been designed to find a resource allocation plachwhaxi-
mizes the profitability of a pre-clinical research projeta understand how the
various parameters affect profitability and the possiltieractions between them,
a thorough sensitivity analysis on the OPRRA parameterdéeas carried out in
chapter 8. It turns out that interactions between parameter weak, and out-
comes are determined predominantly by a small subset ofredess.

Finally, chapter 9 offers some general conclusions and kelrfgs, and out-
lines possible future extensions and alternative models.
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Chapter 2

Stages, Probabillities, Rewards and
Costs

In this chapter we introduce some preliminary modelling ¢tRIRA which is

prerequisite to the forwards induction model we are goindisguss in the next
chapter. More detailed modelling follows in chapter 4, wwhiogether 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 discovenyadelled by five
successive stages.

H

. 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 progidee or
more CDs.
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Stagesl and2 are only carried out once and the project stops if either of
them is unsuccessful. The probability that stageaches a successful conclusion,
given the successful completion of the relevant earlieyetawe write ag; (¢; =
1—pi)i=1,3,4,5.

The search for LS may produce more than one LS; we model thietiying
p2; = P(stage2 producesj LS | stagel is successful)(j = 1,2), (¢ = 1 —
po1 — pa2). TO limit the complexity of our model we restrict the posétiof
more than two LS being discovered to the case 2, and do not explicitly model
the possibility that a single application of stag@enay produce more than one
LS. Reasonably realistically we also assume ghat 1.0; this means that if we
choose to look for backup CDs we can find as many as required.

On successful completion of stager stage3, stages and4 are both possi-
ble continuations. We assume that the continuation at thigt ;ncludes stage,
and that stagg also proceeds, simultaneously, unless either there hasdnesar-
lier failure at stage 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 thategetition would
also result in failure. When staggsaind4 proceed in parallel we assume that ef-
fort is divided between the two stages so that they finisheast#ime time. This is
reasonably realistic as it ensures that if we want to refiaged with another LS
there is an LS available. Otherwise all stages are assumectto sequentially
and in numerical order.

For each stage we have a fixed allocatignmeasured in terms of the num-
ber of senior-scientists, and a fixed duratign(: = 1,2,3,4,5). However, the
time required to complete stage 4, given that a first LS ha&adir been success-
fully optimized, ispt, (0 < p < 1). An estimate is required fat, the cost per
senior scientist per year. An important aspect of the olvezaburce allocation
problem is to choose suitable values for the stage allatatio The role of the
effectiveness function governing the relationship betwie values ofi; andt;
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 inddpatly, and that the
success probabilities conditional upon successful comopl®f previous phases
are the same for different CDs. Let

p; = P(a CD is successful in phage,
prr = P(a CD is successful in phagé | success in phase, |)

prir = P(a CD is successful in phagé! | success in phasdsand/7),
andg; =1—py,J =111 1II.

The costs and durations for phasarec; andt ;, respectively) = I,11,111.
We do not consider variations in either the design of clihigals or in the allo-
cation of resources to them.

An estimate is also required fo¥, the expected net present value of the first
new drug from the project which completes phégé trials successfully. This is
the total expected discounted value of all the cash flowgattable to the new
drug if it was available immediately for production.

Since the value of a future sum of money is lower than that@sdme sum of
money available immediately, an exponential discount vatell be used to cal-
culate the expected present value of future expenditureaddeme that sums of
money are measured with the effect of inflation removed, tpsesenting actual
purchasing power, and defineto be the discount rate for money in real terms,
corresponding to the weighted average cost of capital (WAGLCthe company.
Thus the present value dfe” which becomes available afteyears is£1.

With discount ratey, the cost in scientist years of employingcientists for
t years isfot ue *ds = %(1 — e ). Given that the cost per scientist per year is
a, definek; = a2 (1 — e %) as the total cost of stagei = 1,2, 3,4, 5.

For income there is additional discounting dueotisolescenceDefinitions
and detailed explanation for different types of obsoleseerates are set out in
section 4.2. Denote by, (> ) the discount rate including obsolescence. The
expected value of the new drug is discounted at theyatehereas the expected
expenditure is discounted at the rate
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2.3 The Expected Values of Successive Candidate Drugs

The expected values of any second or subsequent candidgefdsm the project
depend on the sequence of lead series from which they aretesttleTo set out
this part of our model we first define some notation, as follows

e UJ: the therapeutic target,
e S;: thei" available LS{=1,2,...),
e D;;: thej" CDfromS; (i,5 =1,2,...),

e J;;: the even{ D;; passes successfully through phdseials } (J = 1, 11,
IID).

There are two versions of this part of the modelfix@d probabilities(FP)
version, and amadaptive probabilitie¢AP) version, for which the success proba-
bilities for the various stages and phases change duringrtject in response to
the record to date of successes and failures. Chapter Ssdissthe AP version,
whereas the rest of the thesis is concerned with the FP wersio

Model FP

A goodLS is an LS from which it is possible to get a successful CD. AiGD
successfuif it passes through clinical trials and becomes marketabliéferent
LS are good or bad independently and with the same probabditditional on
the target being achievable. CDs are successful or unsfateslependently and
with the same probability conditional upon them coming frgood LS.

Define:

e A: the event{the target’ is in principle achievablg

e B;: the event{S; has no systematic defect which makes it impossible to
reach the targdt' }, or in brief{S; is good,

e (;;: the even{ D,; passes successfully through phased and/ !/ trials},
note that this means that, = /11;;.
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We assume that, for all j, m, andn, the following conditions hold.

P(Bi|/_1) = P(Cij|Bi) = 0.

B;, B; are independent, givea, with P(B;|A) = P(B;|A) (i # 7).

Ci;, Cmp are independent, givel;, B,,, with P(C;;|B;) = P(Cin|Bm) ((i,7) #
(m.m)). B

P(I1;|I;;) = P(I11;|IT;;) = 0.

I;; andI1;; are independent of A anH; conditional on///;; not occurring.

We definep, = P(A), py = P(Bi|A), p. = P(Ci;|B;) = P(I11;;| B;). Writing p
for the probability a CD successfully completes all threag#s of clinical trials,
it follows thatp = p.pup. = prprrprrr- INput values are required @, p;r, prir,
P @andp,, allowingp,. to be calculated.

Note that in the fixed probabilities model we do not allow fegck from
clinical trials, and therefore at the time that a CD is se&ldave do not know
whether it, or any previously selected CD, is from a good oaa bS.

The additional expected present value of any second or qubeenew drug is
smaller thanlV because of competition from the first new drug, and any others
which are earlier. We assume that the additional expectesept value of the
n'* new drug from a project ia” W (0 < A < 1). The factor)\ is called the
sequential discount parameter

The following proposition is proved in Charalambous andi@st(2008).

Proposition 2.1. The additional expected value of a subsequent CD conditiona
on the set of previously selected CDgli& E[™| A, wheren = 1—(1—\)p,, and

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

LS which is good.

For example, if previous CDs have been from LS 1, 2, and 3, frdnch 2,
3 and 4 CDs, respectively, have previously been selectebitrenpresent CD is
from LS 2, thenP(m = 3) = (1 — p,)?, P(m =5) = P(m =7) = py(1 — pp),
P(m =9) = p3.

Model AP

Uncertainty about the probabilities, and p, is expressed by prior probability
distributions. These are converted into posterior distitms by Bayes theorem
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as stage8 and4 are completed, either successfully or unsuccessfully hemde
the posterior expectations p§ andp, may be calculated. Note that fpr, ps;,
and py, there is no need to include Bayesian learning in this way lsdhe
corresponding events occur just once.

In this model the success probabilities for clinical trisésy between lead
series. We defing;; = P(1;5), pyi = P(Jij|Ki;), (J =11, 1I1[; K = J —1).
For LS S; the success probability;; of CDsSD;; (1,7 =1,2...;J =1,11,111)
is drawn from a beta distribution with the parametéfsu,, f;(1 — u;)). The
parameterf; is known andu; has a beta prior distribution with the parameters
(rymy,r;(1 —my)) (J = 1,11,111). With this hierarchical Bayes structure the
posterior expectation fop;; may be calculated, as described by Consonni and
Veronese (1995). In Model AP the evestsind B; are not modelled. This avoids
considerable further complexity in the model, and is notdenous as Model AP
is itself a way of representing the different charactessstf different LS.

2.4 Profitability Criteria

OPRRA is based on two alternative criteria for profitabjléyg follows.
e Profitability Index(PI) = E[R]/E|[C],

whereE|R] = expected discounted reward, alfl’| = expected discounted cost.
This is one of the standard criteria for the profitability mféstment projects (see,
for example, Brealey and Myers, 2000). The Pl is a reward @te may be
defined for a CD, or for an LS, as well as for the project as a eihalportfolio of
projects with high PI values leads to a high value for thel @tpected reward, or
net present value (NPV), when the total capital availabléfgestment is limited.
Our focus is on the efficient use of resources before cliricals start. For that
reasonF[R| is calculated after subtraction of the expected costs piaall trials,
and only the costs incurred before clinical trials startinoduded inE[C].

¢ Internal Rate of Retur(/ RR).
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This is the value of the exponential discount ratefor which E[R| — E[C] is
equal to zero. In this calculatioy is allowed to vary, rather than being set equal
to the cost of capital. As its name indicates, IRR is a measiiee average rate
at which capital grows within a project or portfolio of projs. Since our goal is
to improve resource allocation during discovery rathenttiaring clinical trials,
the variable discount ratg is applied only to the pre-clinical stages of a project;
during clinical trials discounting is with WACC.

Profitable projects are those for which:P1L.0 and IRR> WACC, which are
almost equivalent statements.

The profitability index is easier to calculate than the in&gmrate of return.
Consequently solution algorithms are more fully develofeed?| than for IRR.
The FI policies which we introduce in the next chapter areas<lof 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 algorithmffipsoposed by Gittins
(1979) (also see Gittins et al., 2011b) for discounted Maudk@cision processes
(MDPs). FlI policies are straightforward to implement, angl @timal for a large
class of models, especially in stochastic resource allmtaihey are discussed
in detail by Glazebrook and Gittins (1993) and Glazebro®9g).

In this chapter we investigate the application of FI pokdie the selection of
CDs in pharmaceutical research. The measure which we dwafbu profitability
is the profitability index. The algorithms considered irstbhapter seek to max-
imize the PI for the project. In all cases the expectatioescanditional on the
previous history of the project. Although our setup is noistdunted MDP, we
shall proceed to use PI as the basis for defining FI policiesskéll show that FI
policies are optimal for the simplified selection problemwinich CDs are to be
selected from at most one LS. Although FI policies are noagbastrictly opti-
mal without the restriction, we shall see in chapter 7 thay ttill perform well.
All algorithms described in this chapter are implemente@PRRA. Numerical
examples of FI policies are given in chapter 7, together watinparisons of the
performance of the various plausible policies.

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

3.1 FI Policies

We begin by defining some terminology. deecision points a point at which a
decision must be taken either to look for a CD to send to d@irigals, in which
case we must also decide on the LS from which to look for a CCxpastop.
TheyoungesLS is the LS from which the minimum number of CDs have been
selected.P1(CD) is the PI for an additional CD from the youngest already opti-
mized LS, conditional on the set of previously selected CBK.LS) is the Pl for
starting a new LS, conditional on the set of previously gel®#€Ds. PI(Proj)

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

There are two versions @?(LS), depending on whether stagés to be run
alongside stage. Choosing between them involves evaluating Pl over the CDs
chosen from two successive LS. The simpler version, withotdncurrent stage
3, is the PI for the LS up to the numbérof CDs which gives the maximum PI;

k has the property that thié” 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 fulkdeption of the
calculations ofPI(C' D) and P1(LS) is given in Appendix B.

In an Fl policy, the sequence of CDs sent for clinical trigld&termined with
reference to aeference Pl PI(ref). The purpose of the reference Pl is that it
works as an approximation to the optimal PI for the projeat] therefore screens
out CDs and LS which are likely to reduce the overall Pl. Fligges are more
flexible than(s, n) policies, and might be expected to perform better for stgtab
values of PI(ref).

The FI selection algorithm is as follows.

FI Algorithm

1. Decide a reference PRI (ref).

2. At each decision point, compaf® (C'D), PI(LS), andPI(ref).
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3. e If PI(CD) is the biggest, take an additional CD from the youngest
optimized LS and go back to step 2.

e 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 P
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.

o If PI(ref) is the biggest, stop.

3.2 Flfor the Simplified Problem

In this simplified problem, we allow CDs to be selected frommaist one LS.
We also assume that, = 0 and that whenever stage 4 is carried out stage 3
is carried out in parallel. This is for simplicity. The algtm whose properties
are described in chapter 7 ensures that stage 3 is only ¢dameif there is a
possibility that the resulting LS will be used.

The forwards induction algorithm proceeds as before extapafter the first
LS to be successfully optimized there is no longer the optioaptimize a new
LS. The main conclusion of this section is that for this madifproblem FI is
optimal. We start with some further simplified problems aallison algorithms
which provide useful building blocks.

Note that in the notation that follows in this secti¢f| denotes the cardinal-
ity of the setS (i.e, the number of members of $).+ z is a short hand notation
for S U {z}, andS — z is a short hand notation faf\{z}.

3.2.1 Infrastructure

Problem 3.1. For j = 1,2,..., letr; be real numbers and; be positive real

numbers and lef; = -, whereg; > ¢;,; when;j > 1. DefineR(k) = >},

C(k) = S, ¢y Q(F) = &893, Q = sup, Q(k). The problem is either to show

Tj,
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that@ < 0 or to findk such that) (k) = Q.

The following proposition on ratios of real numbers is thg t@solving this
and similar problems.

Proposition 3.1. (a) For real numbersey, xs, 31, yo With y; > 0 andys > 0, the

following three statements are equivalefit: < 72, 71 < TitTs gng it o 22
Y1 yity2’ y1+y2 Y2

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

Proof. (a) Assumer’ﬂ—1 < 2—2 so thatr 1y, < x9y;. Adding z;y; to both sides of
this inequality we ge:tly2+x1y1 < x9y1+x1y; and hencé"— < :”1”2 . Similarly,

addingzsy, to both sides of the inequality msteadmfyl glves uszlig < 2.

Now assume”— < “’;1132 thusziy; + zoy1 < 21y1 + x1Yy9, SO thatrsy; < z1ys

and thus;j—1 Z; A similar proof shows that this also follows from the inetitya
% < % and so the three original inequalities are equivalent.
(b) The proofs are almost identical. O

For problem 3.1 there is a straightforward solution aldonit as follows from
lemmas 3.1 and 3.2.

>
Lemma 3.1. For problem 3.1, ifg.1 ¢ = » Q(k) for somek, thenQ(k +
<
>
1) = Q).
<

1+R(k)

Proof. If gx11 > Q(k), then’“’“—*i > C(k Using proposition 3.1(a); - —ow >
R(’“ , henceQ(k + 1) > Q(k). The other two parts of the lemma also follow, in
S|m|Iar fashion, from proposition 3.1. O

Lemma 3.2. Consider problem 3.1.

(i) There is at most onk for whichg, > Q(k) > qx11. Forthisk, Q(k) = Q.
(1) If @ > 0 andg; < 0 for somej then there is & with the above property.
(i14) If, for somek, Q(j) < 0,1 <j <k, andgy; <0, then@ < 0.
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Proof. If ¢x+1 > Q(k), thenQ(k + 1) > Q(k). So either(a) ¢.+1 > Q(k), and
Q(k+1) > Q(k) VY k, or(b) 3m such that,,.1 < Q(m), in which case we define
k to be the smallest such. In case(b) it follows thatg,.1 > Q(n) Vn < k,
andqy1 < Q(k). The first of these statements implies thin + 1) > Q(n)

V n < k. From the second statement it follows from lemma 3.1 that <
Q(k + 1) < Q(k). This in turn implies that» < Q(k + 1), and hence that
G2 < Q(k +2) < Q(k + 1), and the argument extends by inductionoto
show thatg, 1 < Q(n+1) < Q(n), ¥V n > k.

It follows that in caséa) limy._,., Q(k) = @, and in caséb) Q(k) = Q. For case
(b) it is straightforward to check that the choders the unique value described in
the statement of the lemma. In cgsg¢ there is nd: for whichg, > Q(k) > i1,
and part(i) of the lemma is proved. For pati) of the lemma note that under the
given conditions it is impossible that(k + 1) > Q(k) ¥ k, and therefore case)
does not occur. Paftii) of the lemma follows from proposition 3.1 and the fact
thatg; > g1, > 1. [

From lemma 3.2, and with the additional assumption that 0 for somey,
it follows that problem 3.1 may be solved by algorithm 3.1.

Algorithm 3.1. Compute in successi@p(k), k = 1,2, ..., stopping either when
qk > Q(k) > qr+1, in which case&) (k) = @, or whenQ(j) <0,1 < j <k, and
qr+1 < 0, in which case&) < 0.

The following variants of problem 3.1 are also of interest.

Problem 3.11. For = € the finite index sef, which includesdl, let r, be a real
number,c, be a positive real number, and lgt = Z— Let S denote a subset of
L R(S) = Y pesm C(S) = X pes0ar Q(S) = 25 andQ = maxser Q(S),
whereU = {S C I,1 € S}. The problem s to find € U such that)(S5) = Q.

Problem 3.1W. This is the same as problem 3.1l except that the class of index
subsetd/ is replaced by a sub-clas$” C U.

Problem 3.1V. The definition is motivated by the following two lemmas. &sth
lemmas/” denotes the class of index subsets of the formg, > £} + 1 for some

.
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Lemma 3.3. Forany S € U\V 3 S € U, such that eitheQ(S") > Q(S) or

!

Q(S) = Q(S)and|S'| = |S| + 1.

Proof. Supposes € U\V. Thendz € S — 1 andy € I\S such that at least one
of the following statements is true.

(1) @y > gz > Q(S). (74) ¢y > g < Q(5). (iti) ¢y = ¢ > Q(S). (iv)
@y = @ < Q(5). (v) @y = @ = Q(S).

In casegi) and (i), let S = S + y. In casegii) and(iv), letS' = S — . In
all these cases it follows from proposition 3.1 th4tS") > Q(S). In case(v), let
S =S +yandwe hav&)(S') = Q(S) and|S'| = |S| + 1. O

Lemma 3.4.ForanyS c U3 S € V,withQ(S") > Q(S).

Proof. We shall suppose the converse of the lemma and show thaetds ko
a contradiction. Thus supposec U and?3 S € V with Q(S") > Q(S), so

that in particularS ¢ V. From lemma 3.3 it follows thafl S; € U such that
eitherQ(S1) > Q(S) or Q(S1) = Q(S) and|S;| = |S| + 1. By our assumption
S; € V, so again applying lemma 3.3 it follows thatS, € U such that either
Q(S2) > Q(S1) or Q(S2) = Q(S1) and|Sy| = |S1| + 1. Again, by assumption
Sy ¢ V, and the argument may be repeated to define an infinite segueticno

repeatsS,(= 5), S1, So, . .. such thatS, € U\V V 7. However this is impossible
as the index set is finite, as is therefore the class of subdeétsThis completes
the proof of the lemma. 0J

It follows from lemma 3.4 that if W is a class of subsets/oWwith V' C
W C U thenmaxgey Q(S) = maxgey Q(S5) = Q. Problem 3.1V is the same as
problem 3.1W with the restriction th&at > V.

Problems 3.1l and 3.1V may be transformed into problems efféhm of
problem 3.1, as follows. For each triple,, ¢,, ¢.) change the index to one of
the first|/| integers, leaving the values of the triple unchanged, vaighmiew index
values chosen so that, ¢; andg; are unchanged ang > ¢;.1,7 > 1. Letg; be
large and negative far > |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 isttoduce a sec-
ond subscript, which allows us to model different lead serie

Problem 3.2. For (i,j = 1,2,...), letr;; be real numbersg;; be positive real
numbersg;; = Z—J whereq;; > g;411 fori > 1, q;; > gij1 for (4,7) # (1,1),
g1 —q < OaSiJ—>oo, andg;; — ¢; <0asj — oo Vi.

DefineR;(k) = S0 rij, Ci(k) = Y5 cijy Rk, ko, . k) = S0y Ri(ka),
Clhnskay oo bn) = Xy Cilki), Qb by Fi) = Gy,

Q =sup, Q(ky, ko, ..., k), whereA ={n > 0;k; >0,i=1,2,...,n}.

The problem is either to show th@ < 0 or to findn*, k7, k3, ..., k. such that

Q=Q(ki, k3, ... kX)),

Lemma 3.5. Problem 3.2 may be regarded as an example of problem 3.1N, wit
the index pairl 1 in place ofl.

Proof. To establish this equivalence we first note that, exceptttiemindex set
I ={ij : 1 <1,j}isinfinite, problem 3.2 is equivalent to problem 3.1W, with
(to be read as ‘one-one’ rather than as ‘eleven’) in plade ahdV defined by the
constraints that i € W andij € Sthenkl € SVEk <i,andil € SVI < j.To
show that problem 3.2 is also an example of problem 3.1V (@xXoe the infinite
index set) we need to show that for efthe index subsei = {ij : ¢;; > {}+11
belongs to the sub-clasg.

For any giver{ this is trivially true if ¢;; < £ V ij # 11. Suppose that
ij (# 11) € S, so thatg; > . It is sufficient to show that,, > g¢;; for
every index paitcy which € S, becausé; € S, and because of the constraints
definingW. If ¢ = 1 we need to show thatk € S;, 1 < k < j. This s true
sincell € Se andgi2 > qi3 > -+ > ¢q; > £ If @ > 1 we need to show
thatkl € S¢, k < 4, andil € Se,l < j. Again this is true sincél € S, and
Qo1 > G31 = > it > Qi = 0 > Q5 > &L

To solve problem 3.2 our task is either to show ta 0, which means to
show there is n@ € V with Q(S) > 0, or to construct the sef of index pairs
which maximizeg)(S) for S € V. For these purposes any index pgir# 11)
for which ¢g;; < 0 may be excluded. This is becausé&)fs) > 0 for some index
setS thenQ(S + ij) < Q(S). We also need to note that the restraints/srdo
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not cause the exclusion of to necessitate the exclusion of any index pajrfor
which g,,, > 0.

Finally we note that it follows from the inequalities satsfibyg,;, ¢; andg
that the number of index paigg for which ¢;; > 0 is finite. This means that in
excluding every index paifj (# 11) with ¢;; < 0 we reduce the problem to one
with a finite index set, and therefore to an example of proerir, completing
the proof of the lemma. O

Thus we have the following algorithm for solving problem.3.2

Algorithm 3.2. (i) Reduce the index set to the finite Sebnsisting of index pairs
ij with ¢;; > 0 plus the pairl1.

(27) Transform the resulting problem 3.1V into the form of probl&.1 by chang-
ing the index set.

(7i1) Use algorithm 3.1 to solve the resulting problem 3.1.

(1) If @ < 0 for problem 3.1 the same is true for problem 3.2.

(v) If @ > 0 for problem 3.1, the same is true for problem 3.2, and we mesrse
the index set changes to obtain the maximizihg:;, k3, . . ., k. for problem 3.2.

3.2.2 Solution to the Simplified Problem

Returning to our candidate drug selection problem, note ligarestricting the
selection of CDs to at most one LS at each decision point we bagured that
there is at most one way in which a project may be continuederAstagesl
and?2, this is by carrying out stagesand4 in parallel if there has not yet been
a successful stage or failure at stage3, and by selecting a new CD from the
current LS if there has been a successful stagehe two possible continuations
are never both available.We recall that: std8gs a search for an additional LS
and maybe carried out repeatedly until at some point it,faifier which it may
not be repeated; stagas the attempt to find a first CD in an LS, and is successful
with probability p,, 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 éxpected re-
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ward (after subtracting the cost of clinical trials) and ested cost (before clinical
trials) for each successive CD to be selected. Defipe:;; andg;; = Z—j to be
the expected reward, expected cost and P! forjthe€D selected from LS. It

is a consequence of the fact that there is an unique sequéreenis leading to
the selection of thg'” CD from LS that the unconditional expected reward and
cost are the same as the expected reward and cost conddiopegvious history,
apart from a common factor. We may therefore, and we shdlhele; andc;; to

be unconditional expectations without changing the valug o The reason for
the overlaps of notation with problem 3.2 will soon becorneacl

From the description given in chapter 2 it follows that
Ty = p1p21(p3q4)i—1p4[pwe—’n(t1+t2+it4+(j—1)t5+t1+t11+t111)nj—1

_e—v(t1+t2+it4+(j—1)t5)(CI +p16_7“0n +p1pn€_”’(t’+t”)0111)], i,j>1;

and that
K1 +pie Ky + pipoe” T (K + Ky), i=j=1;
Cij = 4 Pipar(psqa) e O HEHEDR(KG + K, i22,j=1
P1p21(p3qa)’ ™ pge ettt G =2ts) ¢ Vi, andj > 1.

With r;; and¢;; as above, and using the fact that > ~, it is easy to check
that all the assumptions of problem 3.2 hold, except that it necessarily true
thatg;; > g2, @ > 1. We shall use all the notation for problem 3.2 to refer also
to our CD selection problem, which we shall call problem 3A3deterministic
CD selection problem, for example, may be expressed in time & a sequence
A={n>0;k;>0,i=1,2,...,n}.

A deterministic policy is one for which the decision whetheicontinue or
to stop depends deterministically on the number of LS whiethawve so far tried
to optimize, and on the number of CDs so far selected. We calslal consider
randomized CD selection policies, for which each contistog decision is deter-
mined randomly. However it is an easy consequence of propod.1 that if the
maximum PI for a project is attainable then it is attained loggrministic policy.

As for problems 3.1 and 3.2 we shall present an algorithm foblem 3.3
which either shows th&) < 0, so that no CD selection policy produces a positive
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P1, or finds a CD selection policyt which attains the optimum PI. As for problem
3.2, our task is to maximiz&(S) over the allowed setS of index pairs. Each
included index paifj now corresponds to the selection of tfi& CD from LS.

As for problem 3.2 we may exclude fro§vany index pairij (j > 1) with
¢;; < 0. By a similar argument we may exclude any index gaif: > 1) if
gin < 0andg;; < 0. These exclusions mean that we have again reduced the index
set to a finite set. However there remains the possibility¢ha< ¢;» > 0, unlike
problem 3.2, so we have not yet reduced the problem to an dgashproblem
3.1V.

To proceed further we next note that for any L&e conditions for problem
3.1 are satisfied witkv;, ¢;, ¢;) = (745, ¢ij» ¢ij) andQ(k) = Q;(k) = Ri(k)/C;(k),
the PI for LS¢ whenk CDs are selected. Alsg,; < 0 for largej. We may
therefore use algorithm 3.1 to either firigi such thatQ(k*) = sup, Q:(k),
which we denote by);, or show that@); < 0. Note that it follows from the
definitions that); (k) > Q;+1(k), i > 1 andV k, and hence thad; > Q;,,. Note
too that since the number of pairs for whichg;; > 0 is finite it follows that
Q; > 0 for at most a finite set of values.

Since the class of allowed sefsis finite, if Q > 0 3 n, ki, ks, ..., k, (all
> 0) such that) = Q(ky, k2, ..., k). We definen*, k%, k3, ... k. to be chosen

in that order to be the largest valuesrofty, k-, . . ., k,, for which this is true. To
further simplify problem 3.3 we shall use the following leram

Lemma 3.6. &k > k", 2 <i<n".
Proof. Note first thatQ,.« (k*.) > Q. If Q.- (k*.) < @ it follows from the fact
that Q(kT, ks, ... kX)) = Q thatQ(kT, ks, ..., kX ) > @, using proposition

3.1(a), which contradicts the definition @f ThusQ@,.-(k:.) > Q.
Now suppose that < £ andl < i < n*. We have

Qi1 2 Qi(Ki™) 2 Que (K2) = Qe (k7)) = Q.

The first inequality follows from proposition 3.1 and the défon of £*. The
second inequality is equivalent€® > @,.-, which is true sincé); is a decreasing
function of i for ¢ > 1. The third inequality is by the definition df’:. Thus
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Girry1 = Q, SO thatQ(ky, k3, ... kF +1,...,k;.) > Q. This contradicts the

y up*

assumed maximality of* and completes the proof. O

Now note that it follows from proposition 3.1(a) and the diiam of (); that
Qi > Giry«41- Itthus follows from lemma 3.6 that problem 3.3 may be transied
into an equivalent problem in the form of problem 3.2 as folo
Tijzrljycllj:cleQij:q1j!vj; ,
riy=Ri(1,2,.. . k), &y = Ci(1,2,... k), ¢y = Z—i and the index paiij is
replaced byi(j — k* 4+ 1),7 > 1 andj > k™.
We can now write down an algorithm which solves problem 3.3.

Algorithm 3.3. (i) Use algorithm 3.1 to compuig* and@;, i = 2,3, ..., stop-
ping when; < 0, at which point set*™ =i — 1.

(i7) For all index pairsij with ¢ > n** replaceg;; by —M, whereM is large.

(#7¢) Transform the problem into one of the form of problem 3.2 asdescribed.
(7v) 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 atbori3.3 defines
the decision to be taken at each decision point in the praoeddu selecting can-
didate drugs, and that the policy defined in this way is edeitao an FI policy
with PI(ref) = @, the optimal Pl for the project under the restrictions osthi
section.

3.3 Fl for the General Problem

In the general selection problem, CDs are to be selected &omnrestricted
number of LS and as a result the expected reward and expeastdor each
successive CD to be selected are no longer defined by a deistimsequence of
successively selected CDs as they were in the simplifiedgmob

Unlike the restricted problem considered in the previoudise it is not in
general true to say that an FI policy is itself an optimal @pliThis is shown by
a counter example. Lemma 3.7, on the other hand, providesuesgement for
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the view that FI policies may be close to optimal, while lem8i@ narrows the
choices which need to be considered at each step in an Fipolic

Letr;; andc;; now be the expected reward and cost from #eCD in LS4,
conditional on the set of previously selected CDs. Notetthatis different from
section 3.2, where our notation referred to unconditioxpkeetations. Here;;
andc;; are random variables depending on time, and on the numbé&B®from
previous LS. Let denote the time at which th&" CD from LS is selected.

Counter Example. This shows that itPI(CD) = PI(LS) > Pl(ref) =
PI(Proj) at a decision point? in an Fl policy it does not in general follow
that taking an additional CD and trying to optimize a new L$ hoth decisions
leading to the overall maximum PI value for the projeef,( Proj).

Proof. Let a andb be the expected reward and cost for the additional CD, and let
A and B be the expected reward and cost for the new LS. Supposé thats.

Let PI(ref) = § — ¢, Wheree (> 0) is sufficiently small to ensure that after any
of the three possible ways in which the project might be c#d from pointP,
PI(ref) > max(PI(CD), PI(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 selexhtumber
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 thesdittons.

Let R andC' be the expected reward and expected cost under an FI policy,
excluding the contributions which arise after reachingdbeision pointP, and
let & be the probability that poinP is reached. Thus the overall Pl from an
FI policy is (R + 0A)/(C + 6B) if at P we look for a CD in a new LS, and
(R+0a)/(C+ 6b) if at P we select a CD from an already optimized LS. We have
assumed thag < 4= 7, and it therefore follows from proposition 3.1 that if

B
A > athen(R+60A)/(C+6B) > (R+6a)/(C+6b), completing the proof. [J
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Lemma 3.7. In a sequence of backup CDs from the same LS the Pl is decgeasin

Proof. By definition,q;; 1 = ZJ—E is the PI for thej* backup CD in LS. Using
proposition 2.1 we have; = e "', — e "y, ¢;; = e K;5. Here

Vg = pwe_'Yl(t5+t1+t11+t111)E’[nN]’

N = number of previously selected CDs from good LS other thar, l#&d

vy, = e (cr+pre M err + prprre T epy).
Thus the PI for thg'" backup CD in LS is
Tij+1
ij+1 SUAE
Cij+1
. 6_71tnjfua — 6_A/t'Ub
N 6_7tK5
= e 7
which is a decreasing function jin 7 > 1. This completes the proof. 0J

Lemma 3.7 means that within each optimized LS there is n@refas taking
account of the Pls from later CDs when deciding whether otmsg¢lect one more
CD. To this extent, then, the forwards induction greedy@gple is correct.

Our next lemma reduces the computational complexity of @m@nting an
Fl policy. Recall that by youngest LS we mean an LS from whiad minimum
number of CDs have so far been selected.

Lemma 3.8. The expected value of the next CD from an already optimized LS

maximized by choosing it from the youngest optimized LS.

Proof. It will be sufficient to show that, for any two optimized LS, wall get a
higher expected value if we choose a CD from the younger LS.

Consider selection from two L$,andj, at timet. Assume that we have so
far selectedr; CDs from LS: andz; CDs from LSj. Letw;; denote the number
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of CDs which have been selected from good LS other treand j, and let
m; = wij +x;1(j) + 2,
wherel (k) is the indicator random variable for the evéhS k is good, k = i, j.

Thus, using proposition 2.1, and dropping the conditidnfrom the notation,
which applies to every expectation in this proof,

Tizge1 = € WEN™] v, — e My,
—~qt . vt
Tioj1 = € VE[N™v, —e My,
where
Uy = pwe_'Yl(tS‘f‘tI'f‘tII"‘tIII)’
vy = e (cr+pre Merr + prprre T eppy),
so that
Tizg+1 — Vjz;+1 m; m;
DTy - Bl
= E[™ —n"™]

_ E[nwij+1’j|(j)+1’i _ nwij‘f‘fj'f‘xil(i)]

= By (gt 0t — prated )]

Sincew;; is independent of the evensS 7 is good and{LS j is good}, condi-
tional on the event that the target is achievable, we have

En®i (n%"(j)Jrrz’ _ nrﬁ%"(i))] — E[nwij]E[nrjl(jHri _ nrﬁ%"(i)]’
so that
By Ore —qrated (] = py @t (1 — py )™ — py® ™ — (1 — py)n™

= (1—pp)(n" —n").

This is positive ifz; < z;, sincep, < 1and0 < n < 1. Hencey iz, 1 —7jz,41 > 0
if x; < x;, as required. This completes the proof. O
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Chapter 4

More OPRRA Modelling

This chapter completes the account of the current OPRRA mddeh we began
in chapter 2. Much of this is the same as the version deschige@haralam-
bous (2009). The main changes from that version are deslcaitshe end of this
chapter. The current version of the OPRRA software is wriitteVisual C++.

4.1 The Work-Rate/Progress Relationship

The model assumes that the time taken to complete each stageoject is deter-
mined by the number of scientists allocated to that stage.dEfiault assumption
is that the rate of progress is proportional to the numbercmngists allocated.
However, there is the possibility that team sizes above dewst may be rela-
tively inefficient. This can occur because of difficultiescoimmunication, little

space to work, lack of coordination and other reasons wigdhce the efficiency
of a very large team.

Define:
e ¢;(u;) = effectiveness of a team af scientists for stage
° % = relative efficiency of a team af; scientists; = 1,2, 3,4, 5.

7

We also make the following assumptions fot 1,2, 3, 4, 5.
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e The amount of effort required to complete each occurrenstegfe is X,
except that after the first successful occurrence of stdlge work required
for a repetition of stagé is pX, , for some0 < p < 1. Effort rateu; is
measured in terms of the number of senior scientists akkdcdote that;
does not have to be an integer.

e The timet; required to complete stagéas X;/e;(u;), wheree;(-) is a rate
of effective working function for stage; this function takes account of the
fact that the efficiency of a team of scientists depends ®izts so that, for
example, there may be a less than 50% reduction in the timentplete
a stage if the team size is doubled. Initial input valuesdpandt; are
required, and the link equation means that these also @oaflies for the
model parametek;, which is rather less easy to estimate directly.

e NoO more scientists thatup; can be allocated to stageThis cap may sim-
ply be designed to avoid extreme solutions. It also needg wulficiently
low for our modelling assumptions to be realistic.

e A minimum duration min; is set for stage (for example there may be a
minimum time needed to complete a series of tests). Thisssired by
imposing a second capup2;, = e[l(m)if;'ti) on the effort rate allocation. If

cap2; < cap;, we will resetcap; = cap2;.

It seems reasonable to suppose that the efficieficy/u* decreases for val-
ues ofu greater than some valug of maximal efficiency. It is convenient to
scale the functiore(u) so thate(us)/u; = 1, and efficiency is measured on a
scale betweefi and1. Let

o dbeff = e(usr)/usy, the relative efficiency atuy,
o trieff = e(uss)/usys, the relative efficiency auy,

o quintef f = e(usy)/usy, the relative efficiency aiu;.

'Note that for the remainder of this section the subsdripsuppressed.
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OPRRA offers two options for calculating the effectiveneka team of scientists.
The first option, proposed by Yu and Gittins (2007), §its) to the values of.,
and2uy, using a function of the form

bu?

e(u) = T et (4.1)

wherea > 0 and1 < r < 2. This ensures that(u) is increasing for alk: and
does not grow faster than linearly withasu tends to infinity;b is chosen so that

The other option, proposed by Charalambous (2009), uses itubrpolation to
fit e(u) between the values far; , 3uy, and5uy. The interpolation formulg (u)
is as follows.

U u < uy,
uU—u U—u 3u u—3ur)e(dbu
f(U) = ?Eujc E{if [( (3u;)u( p-! (5u]cf—)u5c)2f)] (42)
(u— 3Uf u— 5Uf§

1 1
+(Uf Buy)(up—buy) U - (U o uf)uf<uf—3uf + up—5uy )] Uy <u < 5uf

This effectiveness function is for most purposes an impree on the pre-
vious effectiveness function as it fits functions to two (isiabovev, rather than
just one point. It gives a reasonable fit upuite= 5us. The previous function is
unreliable foru > 2.5u;.

4.2 Discounting and Obsolescence

Income from the sales of a drug is likely to be lower if the lelutime is delayed,

due to the general tendency for better drugs to become blaflam competitors

as time goes by. This effect is describedbasolescencdt means that the expo-
nential discount rate for the value of a CD from the researofept is higher than

the discount rate applied to future costs.

Our obsolescence modelling takes account of the rates ofi@e of three
types of events:
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e Type A: the registration of a competitive patent,
e Type B: a competitor obtains a licence to market a new drug,

e Type C: changes in the regulatory environment.

First we consider Type A events. LetAt denote the probability of any other
company registering a competitive patent in a short interiame At, andf4 be
the fraction by which the competitor’s patent reduces tHeevaf a new drug. It
may be shown that the effect of this pattern of occurrenceoofpetitive patents
is to multiply the expected value of a new drug which becomvedable at time
by the factore—/4¢4, thus increasing the discount rate Hy¢ 4.

The other two classes of events mentioned above are modelted same
way, with a further contribution to the discount rate for leatass. Regulatory
changes typically call for additional procedures to beiedrout before a drug is
given regulatory approval. Thus we have three componggdts, fss and fcéc
which contribute ta/;, the obsolescence component of the discount rate for the
value of a new drug.

Pharmaceutical patents protect manufacturers by pratglmbompetitors from
producing the drug during the period of its patent protectibhe length of these
periods varies in different countries, though they are ipb@tween 15 and 20
years. However, pharmaceutical companies apply for paetection before
they actually begin producing the drug, thus significantipos of the patent term
for a new drug are lost before the drug enters the market. Asudtr the effective
remaining patent life of a new drug has an important effecit®market value.
Denote by the factor by which the value of a new drug is reduced by a oae ye
postponement of availability, taking account only of thduetion in unexpired
patent life. It follows that-log(Q) is an additional contribution to the obsoles-
cence rate,. Hence we have, = f4&4 + fép + foéc — log(Q).

When competitors learn of progress in our research prdjeete may well
be an increase both in competitive research and in the siti@kabetween the
compounds screened by competitors and those screenedprojeet. To model
this effect of additional self-induced obsolescence, asealiscount rate, is
introduced. We estimate in a similar way to the estimation of.
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We define the exponential rate = ~ + v, for discounting future rewards
without self-induced obsolescence to be the sum of the cadi$counting future
costs and the obsolescence nateWe denote by, = v + 1, the overall discount
rate including self-induced obsolescence. The expectket & a new drug is
discounted at the ratg, until the completion of the first attempt to find a CD,
and from then on at the ratg. For simplicity of notation we sef; = +; in the
expressions throughout the thesis.

4.3 (s, n) Policies

4.3.1 Definition of an(s, n) Policy

The parameters andn which define an(s, n) policy have the following mean-
ings:

e sisthe number of LS from which we would like to select CDs.
The optimization calculations in OPRRA allow the values: 1, 2 and3,
so that we consider projects which select CDs from at mostthS. This
is to limit the complexity of the required formulae and cortgiions, and is
unlikely to be a serious restriction in practice.

e 1 is the maximum number of LS from which we will attempt to seleDs.
Obviously,s < n.

The rules for ars, n) policy are:

1. Stage 3 is carried out in parallel with stage 4 in the caserevive find one
LS in stage 2, except for the” time that stage 4 is carried out. When two
LS are found in stage 2, stage 3 is carried out in parallel stdlye 4 except
for the 1°* andn!” times that stage 4 is carried out.

°Note that OPRRA does not require this assumption. The argtsme chapter 3 are un-
changed withy; # ~-. The tests conducted in chapters 7 and 8 do not impose thidiggither.
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2. If an LS becomes thé" successfully optimized LY, < i < s, selecting
k; CDs from it has precedence over optimizing further LS. After have
obtainedk; CDs from thei*” optimized LS, we will never return to this LS
for more CDs.

3. If an LS becomes the" successfully optimized LS before allattempts
have been made, the project will be terminated after salg&ti CDs from
it.

4. The project is terminated after optimization attempts have been made,
even if the number of successfully optimized LS is less than

4.3.2 Expected Reward and Expected Cost

In this section we give expressions for the total expectedalinted reward (TEDR)
and total expected discounted cost (TEDC) for(am) policy. More details and
derivations are given by Charalambous (2009).

Let R(s,n) andC(s,n) denote the TEDR and TEDC for poligg, n), re-
spectively. Recall that our focus is on the efficient use sbteces in pre-clinical
research, hence the costs for the clinical trials are iredud the calculation for
TEDR rather than in TEDC. As we are only optimizing the reseuallocation for
pre-clinical research these costs are also fixed.

(35 n) = (15 n)

If the first LS is successfully optimized, the expected vaitithe first CD is

6—71(t1+t2+t4+t1+t11+t111)pW _ 6—7(t1+t2+t4)(cl + ple—’ytICH + plpne—'y(trl-tll)cnl). (43)
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The TEDR of the firsk; CDs isV;, — V15, Where

k1
_ it tottaHtr e+t —v1tsym—1
Vie = € 1t 1+tr III)pW E (776 1 o)

m=1

_ —71ts5\k1
_ —m (t1+to+tattr+trr+trrr) W 1 (7}6 )
= € p )
1— ne—’YltE)

k1
(b ttatt —t —y(ts+t —ytsym—1
Vip = e "ttt (er gopre™ e 4 prppe e ) g (e77%)
—1

L),

m
_ —(t1Hta+t —t —~(tr+t
— e (titt2 4)(CI+pI€ e+ prprre v(tr II)CIII) { 1 _ o ts

We have
11— " 1 — n—1
R(l,n) = pipnpiVie <M> + p1p22paVia <1 + Y2 <M)>
L= pays 1 — p3ye
1— " 1— D n—1
—P1p21paViy (ﬂ) — p1p22pPa Vi (1 +y (ﬁ)) .
1= psy 1 —psy

(y = que "™, yo = que” ™)

51



Chapter 4 More OPRRA Modelling

The following notation simplifies the expression fo(1, n).

¢, =
Cy =

Cy =

C(32 =

C(42 =

= Qapip21P4

ot (1 —e") = TEDC for stage 1
Y

apre 22 (1 — ¢ = TEDC for stage 2
v

ap1ps le—v(tlm)% (1— )

~
contribution to TEDC for stage 3 corresponding to one LS tbumstage 2

aplpme—v(tﬁtz)% (1 _ 6—vt4) .

contribution to TEDC for stage 3 corresponding to two LS fdimstage 2

aplpme—v(tﬁtz)% (1 _ 6—vt4) .
Y

contribution to TEDC for stage 4 corresponding to one LS tbumstage 2

aplpme—v(tﬁtz)% (1 _ 6—vt4) .

contribution to TEDC for stage 4 corresponding to two LS fdumstage 2

o~ (titta+ta) U5 (1—e )
g

contribution to TEDC for stage 5 corresponding to one LS tbumstage 2

apypagpae "ttt L3 (1—e )
g

contribution to TEDC for stage 5 corresponding to two LS fdimstage 2
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We have

C(l, n) = O1+0Cy+ 05 <i(p3y)i_1> + O3 <i(p3y)i_l>

i=1 i=1

+ [041 + Cs1(k1 — 1)] <Zn:(psy)i_l> + [042 + Cso (k1 — 1)] <1 + ynz_:l(p:ay)i_l)

i=1 i=1

= O, +Cy+ Oy (L‘fz—l) + I{n # 1}Cyy (%)
— D3

1 1 —psy
1 — (psy)"
+[C41 + Cs1(kr 1)] (1—7293@/
1 — (psy)"*
+ [042 + C52(/{31 — 1)] (1 + Yy (w y
where
[{A} = 1 if event.Aoccurs,
0 otherwise.
(3’ n) = (2’ n)

We now fixs = 2 and proceed to give expressions #(2,n) andC'(2,n). As
explained in section 2.1, the time required to optimize assghent LS, given that

a previous LS has been successfully optimizeg¢is(0 < p < 1). We call the
corresponding stagep4o distinguish it from the original stage 4. Since stage 3
may be carried out in parallel with stage 4, we let stagb&the stage carried out
in parallel with stage 4

The expected value of the first CD from the second succegdplimized
LS after we have obtained CDs from the first successfully optimized LS is

e N (t1+t2+t4+pt4+(k1—1)t5+t1+t11+t111)pW (pbnkl +1— pb)

—(t +t2+t4+pt4+(k’1—1)t5)( (tr+trr)

—e cr +pre ™Mepr + prpre”” crrr)- (4.4)
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Let V5, — Vo, be the TEDR of thé:, CDs selected from the second LS, where

ko
Vou = e~ (tittattatptat(ki—1)ts+tr+trr+trrr) W(pbnkl +1—pb § ne—’ntf))m—l
m=1
—71t5\ k2
— e n(tittattatptat(ki— 1)t5+t1+t11+t111)pW (pbnkl +1— 1- 7]6 t) :
1— ne- 71ls
ko
(b Htattatpta (k1 —1)is vt — (bt —ts\ym—1
Vo, = e y(t1+t2+ta+pta+(k1—1) )(61+p16 e+ prprre v(tr H)CIII)E (6 v )
m=1

—vy(t1+t2+t t k1—1)ts —~t —y(tr+t
— e V(tattattatptat(ki—1) )(61+p16 e+ prprre Yy(tr+ II)CIII) |:

L),

1 —e s

We have

R(2,n) = R(1,n) + Ry (n),

n—1 7
Riop(n) = (pip2ipsps + pipeepi)Vaa (ZZ paya)’ T (p3ya,)’ 1)

7=1 =1

n—1

J
~(P1p21p3pt + Pip2opi) Vo (ZZ P3y)’ " (P3y,)’ ) :

(Yp = que """ ya, = que” 1P

To derive expressions far' (2, n) we defineCs,;, andCy,, to be the contributions
to the TEDC for stage/Band stage 4 respectively, given that we find one LS in
stage 2. Similarly we let’s;, andC},, be the contributions to the TEDC for stage
3p and stage Arespectively, given that we find two LS in stage 2. Thus we have

Cs1p = apipne —(ti+2) U3 ( —wt4) ’
Csp = aplpzzte_y(tlﬂ2 (1 e Pt
Cup = apipue %) % (1— et
Ciop = apippme 175 % (1—ewh).
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The TEDC for(s,n) = (2,n) is
C<27 n) = C(lv n) + C@P)(”)?

where
C(zp) (n) = [p4€—7(t4+(k1—1)t5) (p3C41p + C42p) +p4€—7((k1—1)t5+pt4) (p3051 (ky — 1)
+C52(k’2 . 1))] ( ) ( 3Y ( 3y) . 3Yp ( 3yp>
Py — P3Yp 1 —p3y I- P3Yp
| et =i <031 ( 1 ) (psy — (Psy)"' _ psyp — (psyp)"‘l)
"\ psy — psy, 1 —p3y 1 —psy,

+1{n # 2}C3, (1 + W+ ) <m> "
<p3y — (psy)" ™ _ payo— (p 3y”)n_2))> :

1 —p3y 1 —pay,

(35 n) = (35 n)

The expected value of the first CD from the third successtytymized LS given
that we findk; andk, CDs from the first and the second successfully optimized
LS respectively, is

2
e N (tl+t2+t4+2pt4+(k1+k2—2)t5+t1+t11+t111)pW H (pbnki +1— pb)
i=1
e (t1+t2+ta+2pta+(k1+ka—2)ts5) (

cr +pre Merr + plplle_w[“”)cnl)- (4.5)

Let V3, — Vs, be the TEDR folk; CDs selected from the third LS, where

2 ks
‘/E’)a _ 6—71(t1+t2+t4+2pt4+(k1+k2—2)t5+t1+t11+t111)pW H (pbnki +1— pb) § (ne—vﬂs)m—l
i=1 m=1

2 1— ( —’Y1t5)k3
_ 6—71(t1+t2+t4+2pt4+(k1+k2—2)t5+t1+t11+t111)pW H (pbnki +1— pb) { ne }
1 — ne‘“{lts

i=1
k3
VE’,b _ 6—V(t1+t2+t4+2/7t4+(k1+k2—2)t5)(CI +p16—7t1611 +p1p116_7(t1+t”)0111) Z(e—’ﬂs)m—l
m=1
o (tyta+ta+2pta+ (k1 +ha—2)15) ot —y(ti+t1r) 1 — (e7te)ks
= € “er +pre” e+ prprre” T erpr) {W} .
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We have

R(3> n) = R(2v n) + R(3p)(n)v

n—2 Jj
Repy(n) = (pipapipl + pip2apspl) Vaa (ZZ@ (Psy2)’ ™ (psya,)’ 1)

7=1 =1

n—2 jJ
—(P1papip; + P1p2apspi) Vas ( ZZ (P3y)" ™" (P3y,)’ 1) :
7=1 =1

Also the TEDC for(s,n) = (3,n) is

0(37 n) = 0(27 n) + C(3p)(n)v

Ciap)(n) = p3p46‘”(”t4+(’”‘”t5)[p4e W=D (Ol o+ Clagy) + pae” 7 DIFRL)

(p3Cs1(ks — 1) + Csa(ks — 1) ] <Z > i (psy) " (psy,)’ 1)

7j=1 i=1

n—-3 J
+p e~V tatptat(kitka—2)t (p3031p+032p (ZZZ PS?J psyp) 1)'

j=1 i=1

4.3.3 Optimization Calculations with Pl and IRR

One of the objectives of OPRRA is to find the values of a set oisiten variables,
for given values of(s, n), that maximize the project’s Pl or IRR. The vector of
decision variables to be optimizedis = (u, us, uy, us, k1, . . ., ks), which we
call theallocation variablesus is not included in the vector of allocation variables
as it is linked tou, by the requirement that = ¢,. We sett; = % and can
obtainu3 by settingus = egl(%) The value oft; may be obtained from setting
t; = i =1,2,4,5. Hence this leaves with uls+ s allocation variables to be

€i ( i)’
optimized.
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Define PI(u) = % , and~; as the IRR for whichG(v;,u) = R(y;,u) —
C(vr,u) = 0. The goal is to find the optimal sets of allocations for Pl aR&|
respectively, such thﬁ’%(“) =0 and% = 0.2 We apply the Newton-Raphson
algorithm to find these optimal allocations, which we deniatdoth cases by
u*, subject to the constraint; < cap;, (i = 1,2,3,4,5). For this purpose

k1, ko, ..., ks are treated as continuous variables.

For the PI function, the first and second derivatives witlpees tou, are as
follows. Similar expressions give the first and second dires with respect to
the other allocation variables.

o,
O*PI(u) 1 9?R(u) 9*C'(u) 2 PI(u)0C(u)
ou? ~ C(u)? [Cw) ou? R(u) ou? J- C(u) Ou; Ouy

For the IRR function, the first and second derivatives to bdiag in the
Newton-Raphson algorithm with respectipare as follows, again with similar
expressions for other allocation variables.

8 [ 0G(vr1,u)
Vr _ Ou1
o, 9G ) |
L O

9 r0G(yr,u) | 0°G(yr,u)  9G(vr,u) . 9%2G(y1,u)
8 /7[ o 871 8’[1% ouy 8-yIBu1
o? 9G(y1,u) 2

1 L ( 1 )

OPRRA optimizes the allocation variables one at a time tistgawith the
value se1® = (u\” v\, 4w ul” k.. k) and working through the vari-
ables fromu; to k, iteratively. The optimization calculations stop when tHe P
(or IRR) values resulting from a given number OPTIT (defaalue= 3(4 + s))
of successive optimizations with respect to individuaiafales are all the same.
If this convergence condition has not been satisfied befdk&X NI (default value
= 25(4 + s)) single variable optimizations have been carried out tioeqdure is
abandoned.

3: OPI(u) OPI(u) _ . O _ 9 _ . s
e, 25 — 0, 25 — 0, S — 0, G —0,i=1,2,4,5,j = 1,2,3.
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As a precaution against the possibilities both of a failorednverge and of
convergence to a local rather than the global optimum, tloisgrlure 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 mataited 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, OPRR#sdfvo prof-
itability criteria, two classes of candidate drug selettwmlicies and two proba-
bility settings. The profitability criteria are profitatifiindex and internal rate of
return. The CD selection policies are the non-adaptivesaéés, n) policies and
the adaptive class of FI policies. Finally the probabititreay 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 maxiengither Pl
or IRR for given values of andn. In the interests of analytical tractability, it is
somewhat restrictive in the sequence of LS and CDs whicloivaland is based
on fixed probabilities. In all other respects it gives maximilexibility, and as
we shall see in chapters 7 and 8 the restrictions which it sap@ften have little
influence on profitability.

FI policies on the other hand only use PI as the profitabilitedon, but can
be implemented with either fixed or adaptive probabiliti@®?RRA evaluates FI
policies by Monte Carlo simulation. This is the only genralailable method,
though, as shown in chapter 3, for given stage allocatiom&tHor a project may
be optimized analytically for a restricted Fl selectionipplfor which CDs are
selected from at most one LS. Simulation requires much mxensive calcula-
tions than evaluation by means of formulae. However, an mapbadvantage of
Monte Carlo simulation as compared with calculations basedxpected values
is that it provides probability distributions of possibletcomes, both as regards
profitability and in terms of effort requirements.
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An allocation policy is a set of rules concerning the effdid@ation at each
stage and the sequence of CDs to be selected. To summalamtiain policy
types vary in the following respects:

¢ the profitability criteria that they use,

e whether these may be evaluated analytically or only by M@#do simu-
lation,

¢ the rules for sequencing the searches for new LS and CDs,

e whether they are based on fixed probabilities or on proliagsilivhich are
updated using Bayes theorem,

e and in the availability of procedures within OPRRA for opizmg the
choice of allocation variables.

4.5 Contributions to OPRRA

The following is a list of the improvements to OPRRA which Veanade:

e Forward induction policies, a new class of policies for Cleston, both
for the simplified problem and the general problem (Chapyer 3

e Calculation by means of Monte Carlo simulation of the proligidistri-
butions of rewards, costs, profitability indices and futallecations for in-
dividual projects and for a portfolio of projects, for

— (s,n) policies

— Fl policies both in fixed and adaptive probabilities setsing
and Monte Carlo simulation of the obsolescence events (AgigeC).

e Bayesian inference fgr;, and a numerical procedure to evaluate the hyper-
parameters;, (J = 1,11,11I) (Sections 5.1 and 5.2).
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¢ Additional modelling of contributions to the obsolescemnate, taking ac-
count of changes in regulations, as well as the factor by lwtiie value of
a new drug is reduced by a one year postponement of avaia{Skection
4.2).

e A cap on resource allocations and a minimal stage time fdr stage (Sec-
tion 4.1).

Presentations describing the OPRRA software have beem ¢iveeveral
pharmaceutical companies, including AstraZeneca, GSKPdizér. Discussions
on implementation are ongoing. Some of the practical canehs from this thesis
were also presented at the European Operational Researfdramce in Lisbon
in 2010.
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Chapter 5

The Adaptive Probabilities Model

This chapter introduces an adaptive probabilities modsi aiows the incorpo-
ration of learning from a research project’s progress ih® planning process.
It takes into account the information accumulated from tisealery phases and
from clinical trials and allows constant updates on sucpesisabilities through a
hierarchical Bayes structure.

The model was first outlined by Charalambous (2009), who @it inow-
ever, incorporate it into OPRRA. We extend this model byvailhg feedback
from stage 3 as well as implementing FI policies in this sgttiThe basic for-
wards induction idea still applies, the only differencenggethat the calculations
of expected rewards and costs are based on the adaptivéoptdsmodel. The
procedures discussed in this chapter have been built iet@ulrent version of
OPRRA.

Section 5.1 sets out the adaptive probabilities model. Tdstepior distri-
butions of the success probabilities for the various stageslerived given their
prior distributions. In section 5.2 we present a method &tingating the hyper-
parameters of the prior distributions. In section 5.3 wewss how FI policies
can be implemented in this adaptive probabilities setting.

61



Chapter 5 The Adaptive Probabilities Model

5.1 Estimates for Success Probabillities

The Bayesian approach can be viewed as a formalization prtoess of learning
from experience, which is a fundamental characteristidlgfcentific investiga-
tion.

The success probabilities for the different phases of arphegutical project
up to now have been assumed to be the fixed point estimated bagaevious
knowledge. An adaptive probabilities model based on Bayelsiarning supple-
ments previous knowledge by allowing the available infarorato change our
opinion about the success probabilities as the projectrpssgs. The use of the
adaptive probabilities can therefore enable us to make mtemed decisions.

Stages 1 and 2 occur at most once so there is no possibilitapédan up-
dating for the probabilitiep;, p,; andp,,. Estimates for these probabilities are
required, and they stay unchanged throughout the calooktiFor all other suc-
cess probabilities our adaptive probabilities model afldar updating of prior
distributions.

The success probabilities, p;; and p;;; are assumed to be different for
different LS, and are treated as being randomly sampled inolependent prob-
ability distributions. Final estimates of these succesbabilities are reached by
using Bayes theorem, which adjusts the prior distributemtording to the record
of successes and failures. Beta prior distributions aranaed for all the un-
known probabilities, as they form a flexible and mathemdyicanvenient class
for quantities constrained to lie between 0 and 1.

Inference for ps = P(find a backup LS|success in stagesand 2).

The probabilities of success (= 1) and failure ¢ = 0) for stage 3 follow a
Bernoulli distribution,

plx) =p5(1—ps)' ", =0, 1.
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Stage 3 may be repeated up to the first failure. /..ebe the number of stage 3s
completed so far, hence the likelihood function may be emits

f(x|p3) = f<x17x27x37"'xn3|p3) :pgg
Assume thaps; has a beta prior distribution,
p3 ~ Beta fsmg, f3(1 —ms)), 0 <mg < 1, f3 >0,

wherems = Fl[ps] is the prior expectation fgy;.
Bayes theorem gives

P<p3‘x) X f($17x27 <oy Lpg |p3)P(p3)
o pgsp?{ama—l(l _ pg)f:s(l—m:s)—l

n3+f3m3—1(1 )fs(l—mS)—l_

X Ps3 — D3

It follows that
p3lng ~ Betang + fymas, f3(1 —mg)),

thus
n3 + fams

e (5.1)

Elps|ns] =

Inference for p, = P(find a first CD from an LS |success in stagesto 3).

Let ny be the number of LS from which we have tried to find a CD, ante the
number of successfully optimized LS. We have

Ya|pa ~ Bin(ny, pa),
and letp, have the prior distribution
pa ~ Betd fymy, fa(1 —my)), 0 <my <1, fy > 0.
ThusE|[p,], the prior expectation fqs,, ism,. Proceeding as far; it follows that
palys ~ Betayy + famy, ng — ya + fa(1 —my)),
so that the posterior expectation foris

Elpaly) = 7‘1/2;5424 (5.2)
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Inference for py; = P(success in phaség clinical trials for CD from LS 2
|success in stagekto 5 and in phaseK, K < J).i=1,2...; J=1,11III.

We assume that for each phase the success probabilitieffévedt LS are differ-
ent. We relate these probabilities to each other by tre#tiewy as a sample drawn
from a common beta distribution with an unknown mean, thenoakh mean it-
self having a beta prior distribution. This hierarchicalsture provides an ideal
framework to reflect the dependence between different LS.

Let ny; be the number of CDs which have completed phasdinical trials
from LS 4, andy;; be the number of CDs which have successfully completed
phase/ clinical trials from LSi. Thus

Ysilpsi ~ Bin(ng;, pi),

pyiluy ~ Betd fruy, fr(1—uy)),

uy ~ Betarymy,r;(1—my)),
where
O<u;<1,0<my<1l,r;>0,f;>0.
HenceEp,i|u;| = u;, Elus] = m;, and the prior expectation fer; is Elp ;| =
my.

Assume we have successfully optimizedLS, .. ., ..
Letny = (nj1,n2,-.-,n75), Y3 = (Y, Y2, ---,45), J = I, 11, I1I. The
derivation of the approximate posterior expectationgfgris given by Charalam-
bous (2009). It is based on earlier work by Consonni and \&ser{1995). This
gives

Elpslys,ng) =bpiaymy+bs(1 —ay)e; + (1 —by)pyi, (5.3)
where
b — fu a1 B Ty Dk CaYak . Yai
Ji = , CJi = , g = eI == »Psi=_—-
fr+ng fr+ng Dok Cakngg + 1y Ej CrkNJk n.J;
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5.2 Estimates for Hyper-parameters

Prior experience and judgement should be used to provideapiiity distribu-
tions for the success probabilities, p, andp,, J = I,11,111. These distribu-
tions may then be used to calculate plausible values foryperparameters. For
the purpose of illustration we give the estimation for(J = I,11,111) here.
Estimation forf; and f, proceeds in a similar but less complicated fashion.

Recall that
prilug ~ Beta frug, fr(1—uy)), (5.4)
Uy ~ Beth’JmJ,’FJ(l —mJ)) (55)
Using (5.4) and (5.5) it follows that the mean and varianeefgare

ry+ fr+1
fr+1)(r;+1)

Elpy] =my, Varps] =m (1 - mJ)<

Following Consonni and Veronese (1995) we approximate ttellalition of p;;
by a beta distribution Betgm, f(1—m)) with the same mean and variance. Since

Elpsi| =m,andVarlp;] = m(;;f"b) this means that
my =m, (5.6)

and
’I“J—|—fj+1 m(l—m)

mJ(l_mJ)(fJ+1)(7’J+1): f+1 5.7)

Low values forf; andr; imply a high variance op ;. High values forf; andr
mean accurate knowledge of the actual valug ofIn the absence of any strong
reason for a different choice we sgt= r;. Now solving equation (5.7) gives

fi=f+vr+r (5.8)

We use the method developed by Dorp and Mazzuchi (2000) toleaé the val-
ues of f andm. They have shown that a solution exists for the parameteas of
beta distribution given any feasible combination of loweanqtile and upper quan-
tile values. They describe a numerical procedure whichesoler the parameters
given these two quantile values. We only give key results her
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Let X ~ Beta fm, f(1 —m)), i.e.
1

(fm, f(L=m

where0 < m < 1 andf > 0. The right side of equation (5.9) is the incomplete

beta functionB(z|fm, f(1 — m)) which has no closed form solution.

P(X <z)= 5 M /01’ ™ (1 — ) gy, (5.9)

Definition 5.1. Let0 < z, < 1 and0 < ¢ < 1. A random variableX satisfies
quantile condition(z,, ¢) < P(X < z,) = q.

Problem 5.1. Solvef andm for X ~ Betd fm, f(1 — m)) under two quantile
conditions(z,z,, ¢L) and(z,v, gU), whereqL < qU.

The following theorem ensures that problem 5.1 has a sold@itibany com-
bination of the two quantile conditions.

Theorem 5.1. There exists a solutiofy*, m*) for problem 5.1.

The proof involves four steps. In the first step it is provedtthusing the
notation in (5.9), for a giverf > 0 and a quantile conditiofi,, ¢) a uniquem®
exist such thatX ~ Betda fm°, f(1 — m°)) satisfies that quantile condition. In
the second step it is shown that As— 0 the parametem® — (1 — ¢). In the
third step it is shown that fof — oo the parametemn°® — z, . In the fourth step,
the theorem is proved. See Dorp and Mazzuchi (2000) for afidbunt of these
steps.

Dorp and Mazzuchi (2000) also describe a numerical proeetiased on
three different applications of the bisection methoBISECT1, BISECT?,
and BISECT3, which may be implemented to evaluate the regularized incom
plete beta function given by (5.9). It finds the solution tolgem 5.1 with a
prescribed level of accuracy.

BISECT1(m, f, q) solves for they" quantilex, of X. BISECT2(z,, f,q)
solves for the parametet® satisfying the quantile conditiofx, q).
BISECT3 (L, xqu,qL, qU) gives the solutionm*, f*) for problem 5.1. A
method of determining a starting interya, b;] containingf* is given by STEP1,
STEP2, and STEP3 @#/SECTS3.

1See Appendix F.2 for a description of the bisection method.
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BISECT1(m,f,q)

STEP 1
STEP 2
STEP 3

STEP 4

j =1, Set[d;,e;] =[0,1];

Ty = 5L g5 = Blag| fm, f(1—m));
Ifg; < gthend;, := z,,; ande; 4y 1= e;j;
Elsee; 1 == xy;; dji1 = d;;

If|g; — ¢| < 6 then stop.
Elsej :=j+ 1, Goto STEP 2;

BISECT2(x,,f.q)

STEP 1
STEP 2
STEP 3

STEP 4

n:=1; Set[d;, e;] = [0,1];

My 1= dn%; Gn = B(xg| frng, f(1—mpia);
Ifq, < qthene, i == myq1; dpyq = dy;
Elsed, 11 := myi1; eng1 i= ep;

If|g,, — g¢| < & then stop.

Elsen :=n 4+ 1; Goto STEP 2;

BISECT3(xqy, Xqu, qL, qU)

STEP 1
STEP 2

STEP 3
STEP 4
STEPS

STEP 6

STEP 7

k=1, fir =1,

(m°)1, := BISECT2(x ., f1k,qU);

(xgr )1k == BISECT1((m°)1 4, f1.6.qL);

If(xyr)16 < zqn thenfigi1 :=2- fi1x; Goto STEP 2;
Else[ay, b1] := [0, fi4];

k=1, fi = %;
(m®)y, == BISECT2(zqu, fx, qU); (x41)r := BISECT1((m®)g, fi, qL);
If(xyr)r < xqr thenagiy :== fi; b1 == by;

Elseay1 1= ax; b1 == fi;

If|(x4r)k — 24| < 6 then stop.

Elsek := k+ 1, Goto STEP 5;

We now proceed to give numerical examples for the estimatidrfs, f, and f;
(J = 1,11,117) using the bisection methods just described. The accuraay fo
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bisection method®ISECT1 and BISECT?2 was set tal0~®. The accuracy in
bisection method3ISECT3 was set tal 0.

For illustration purposes assume that we have the same ipfammation
aboutps andp,, and that both of them are likely to lie betwe@d and0.8. Thus
let us suppose that

P(ps < 0.4) = 0.1, P(ps < 0.8) = 0.9,

P(py <0.4) = 0.1, P(py < 0.8) = 0.9,
so that(x,.,, ¢L) = (0.4,0.1) and(z,, qU) = (0.8,0.9).
Recall that

p3 ~ Betd fyms, f3(1 — ma)), ps ~ Beta famy, f1(1 —my)).

The solutions with the above settings of error tolerancesrar = m, = 0.606
andf3 = f4 = 9.379.

To complete our illustration we also fix thé** and90*" quantiles forp;, p;;
andp;;;, bearing in mind that any two distinct pairs of quantile ciods can be
used. Suppose that the* and90*" quantiles forp; are0.4 and0.7 respectively.
Now recall that

prilur ~ Beta frur, fr(1 —up)),
Uy ~ Beth'[mI,’/’[(l — m[)),

and we have approximated the distributiopgfby the following beta distribution

pri ~ Beta(fm, f(1 —m)),

wherem; = mandf; = f + \/f? + f. Using the bisection method to solve for
m and f we obtainm; = 0.551 and f; = 35.888.

Working as above and using the conditidng;,, ¢L) = (0.3,0.1) and(z,v, qU) =
(0.6,0.9) for p;r, and(zyr, ¢L) = (0.5,0.1) and(z,y, qU) = (0.8,0.9) for py,
we obtain

mrir = 0449, f[[ = 36185, and
mrrr = 0655, f[[[ = 32.544.
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5.3 Adaptive FI Policies

The decision rules for FI policies in section 3.1 still apddut the expected re-
wards and costs at each stage are now calculated in a Bayasiaon, where the

fixed probability estimates are replaced by the mean valtiggerior or poste-

rior probabilities. In additionPI(CD) is no longer the PI for an additional CD
from the youngest optimized LS, but instead from an LS whieegthe highest

P1 for that additional CD. Detailed calculations of relevarpected rewards and
costs are set out in Appendix B.2.

At each decision point, a decision has to be made on whethekéoa fur-
ther CD from any of the already optimized LS or to optimize awiéS. Letp =
(P11, P12, - - - Py P11, Pr125 - - - Pilus PI1I1, PiI12, - - - P1r1), the vector of clinical
trials success probabilities. To avoid undue computaticoraplexity, we assume
that when we optimize a new LS, the CDs from that LS have indeget and
identical chances of being successful conditionapofVe also ignore the possi-
bility of further feedback during the processing of CDs framgiven LS. After the
attempt to find a first CD we need to take account of the histbspocesses and
failures, which includes information on the progress of Gidsch have started
but not yet completed clinical trials.

Let z;; be the number of CDs which are currently in phaselinical trials
from LS. We recall that.;; andy ;; are the numbers of CDs that have completed
and successfully completed phaselinical trials, respectively, from LS, J =
I1,I1,111.Hence we have

T = Yoi — N1, T11s = Yri — Nuri, Trrre = Yrrg — NI,

whereyy; is the number of CDs from L8which have progressed to clinical trials.
Let Z = 2z, + 29 + 23 + 24, Where

z1 = number of thed", _, z, CDs in phasel clinical trials that will become
marketable drugs;

29 = number of thezzzlxnk CDs in phasd [ clinical trials that will become
marketable drugs;

z3 = number of the), _, ;71 CDs in phasd I! clinical trials that will become
marketable drugs;
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z4 = Y p_, Yrrrk, the number of successful CDs so far.

We express;, z; and zz as the sums of Bernoulli random variables, all of
which are independent conditional pn

L TIk

2= Z Qrj = Z Z Qrj, whereQy; ~ Ber(prprieprim),
k=1 j=1

L TIIk

29 = Z Ry = Z Z Ryj, whereRy; ~ Ber(prpir),
k=1 j=1

L XIITk

zZ3 = Z Ukj = Z Z Ukj,WhereUkj ~ Ber(p[[[k).

k=1 j=1

The additional expected value of a subsequent CD conditmméhe set of
previously selected CDs as expressed in proposition 2eblaced bYE [prprriprini AW,
where E[priprriprinA?] = Elprpriprini 2273 \*. We use the evaluation
of Elpriprrprr A\ T#21%3] by first order approximation set out in the following
lemmas by Charalambous (2009). In the lemmas we use thelorotat =

(X1, Xor ..., X,)T, E[X] = (E[X\], B[Xa], ..., E[X,])” andD[g(X)] =

(ag(X) 99(X) 39(X))T
0X1 ' 0Xa2 ' 09X, /¢

Lemma 5.1. Suppose(X) is a scalar linear function of the vectdX. Then

Proof. ¢(X) is a scalar linear function, sg X) = m’ X +bwherem is a vector
of real numbers antlis a real number. Now

Elg(X)] = E[m" X + ] = m"E[X] + b = g(E[X]),
as required. O

Lemma 5.2. Supposgy(X) is a scalar function which is twice differentiable.
ThenE[g(X)] ~ g(E[X])] if we use a linear approximation foj(X) in the
neighbourhood oF' [ X|.
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Proof. Taylor's theorem gives

9(X) = g(E[X])+ Dlg(EX])]" (X — E[X]) + o(| X — E[X]|)
~ Dlg(E[X])]"X + g(E[X]) — Dlg(E[X))" E[X].

The lemma now follows directly from lemma 5.1. O

Lemma 5.3.

E [pnpnipnu)\zﬁzﬁzg] =FE [h (P)] >

where
h(p) = prpirpirn H(l — (I = Npmprmkprime) ™ H(1 — (I = Nprreprome) ™™ -
k=1 k=1
H(l — (1= N)prop) ™.
k=1
Proof.
Eprprraprin 2] = ElE[prpripi\™ % p]]
= Elpripiripin EIN |plE[N?[p] E[A*|p]]
(using independence of,|p andz,|p, m # n, m,n = 1,2,3)
= ElpripiriviinE P\ZQ’” lp|E P‘Z s Ip|E P‘Z Uks |pl]
= Elpnpripirri H E% |p] B[N |p] E[\"+ | p]]
kj
(using independence @fy;|p, Ry, |p andUy;|p)
= Elpripriprrni H(l — (L= Npreprikprome) ™™ -
k=1
H(l — (1 = N)prixprine) ™ H(l — (L= N)prmk)*™'*]
k=1 k=1
= Efh(p)],
as required. [

71



Chapter 5 The Adaptive Probabilities Model

Lemma 5.4. If we use a linear approximation th(p) in the neighbourhood of
E[p] then

ElpriprriprinA 2% =~ h(E|p]).

Proof. The proof is immediate from lemmas 5.2 and 5.3. O
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Chapter 6
The Option Valuation Model

The valuation of pharmaceutical R&D projects is a challagdiask due to the
high degree of uncertainty involved. Estimating the futtwenmercial value of a
compound that is still in early development and far from trerket is one of the
major challenges. The future value of a new drug is drivenlmpad range of fac-
tors such as its safety and efficacy, competition, expeatetand, market share,
etc, and it is likely to fluctuate with these value drivers. eTiigh uncertainty
about the new drug’s value is linked to the desirability okifbdity in operating
strategy. This managerial flexibility often has value andaty be substantial.

All of the analysis up to this point assumes a fixed estimatéhfe value of
the first new drugJ¥, and a commitment to invest in clinical trials regardless
of the value ofl¥. In this chapter we relax this assumption by allowingto
follow a stochastic process that reflects the uncertainéigglting from both en-
dogenous and exogenous factors. We assume that our compniy@ests in
clinical trials when the value dfi’ is greater than the expected cost at the time of
investment. WitV following a stochastic process and an irreversible investm
cost, the value of a pharmaceutical R&D investment oppdstuwan be seen as a
real option analogous to a financial option. The ability of option pigitheory
to quantify uncertainty and flexibility makes it a very aply@gchoice for valuing
pharmaceutical investment opportunities.

The section that follows gives an overview of real optionalgsis and its
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applications in R&D decision making. In section 6.2 we fotate the model
and show how the option value of an investment opportunity becalculated
numerically using the finite difference method. In sectioB @we discuss how
calculations of profitability for both thés, n) and FI candidate drug selection
policies should be modified in order to incorporate optiotuga. The option
valuation model will be built into OPRRA in due course.

6.1 Real Options Overview

In an economic environment characterized by rapid charrgat gncertainty and
competitive interactions, it has become increasingly irtgpd that investment
evaluation tools and processes can properly account fdr lntertainty and a
company’s ability to react to new information. As new infaton arrives and

uncertainty about the investment’s rewards is gradua#iglked, management of-
ten has the flexibility to alter the initial operating stigytein order to capitalize

on favourable future opportunities or to react so as to miédosses. Real op-
tions has emerged as an approach that addresses this gkathene successfully
than traditional capital budgeting techniques becausepit@tly accounts for the

value of future flexibility (Trigeorgis, 1996). This appato investment recog-
nizes threats as well as opportunities from uncertain eyemd permits a much
richer dynamic framework than was possible with traditionzestment theory.

It has become clear that traditional capital budgetingtaglch as net present
value and other techniques based on discounted-cash-fl@#)(@nalysis are
not well suited for evaluating risky projects. The tradité DCF approaches
essentially involve discounting the expected net cash flioars a project at a
risk-adjusted discount rate. Under such approaches, thadnof risk is one-
directional: risk is assumed to depress the value of thestnvent (Trigeorgis,
1999a). As conventionally applied, DCF techniques, whigrenoriginally de-
veloped to value passive investments in bonds and stocks,predicated on the
implicit assumption of passive management, and allowedexability to adapt
and revise later decisions in response to unexpected nideketopments. Early
critics (for example, Beardsley and Mansfield, 1978; HayesAbernathy, 1980;
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Hayes and Garvin, 1982) recognize that DCF criteria oftedewvalue investment
opportunities, leading to myopic decisions, underinvestnand eventual loss of
competitive positions, because they either ignore or dgrmyerly value impor-
tant strategic considerations. Myers (1976) acknowlediatstraditional DCF
methods have inherent limitations when it comes to valuwgstments with sig-
nificant operating or strategic options, suggesting théibap pricing holds the
best promise of valuing such investments. The main weaknegsditional tools
is their inability to capture flexibility : a project apprdwhould not be a commit-
ment to go all the way to market introduction, but only to med until further
information arrives (Trigeorgis, 1996).

Managerial flexibility creates real options (Dixit and Pya#t, 1994). Flexi-
bility is valuable if volatility is present, or in other wosdif contingencies arise to
which one needs to react. In order to capture project vilatiesearchers have
proposed an analog of the financial options pricing formalartderstand the ef-
fect of volatility (Newton and Pearson, 1994). Since theapto invest involves
the acquisition of real assets, the theory is termezd option theory A call op-
tion on an asset gives the right, with no obligation, to agthe underlying asset
by paying a pre-specified price on or before a given matuaty d Similarly, a
put option gives the right to sell (or exchange) the underlyisged and receive
the exercise price. The optionAgnericanif it can be exercised at any time be-
fore the maturity date, deuropeanif it can only be exercised on maturity. As
with options on financial securities, management’s fleiibtio adapt its future
actions in response to altered future market conditionscantpetitive reactions
expands a capital investment opportunity’s value by imprgvts upside poten-
tial, while limiting downside losses relative to the initexpectations of a passive
management (Trigeorgis, 1999b). The resulting asymmetrged by managerial
adaptability lies at the heart of the real option’s value.

The quantitative origins of real options derive from the setwork of Black
and Scholes (1973) and Merton (1973) in pricing financialor® Cox et al.
(1979) consider a simplified valuation of options in disefBine using a binomial
approach. Geske (1979) values a compound option, whichimeiple may be
applied in valuing growth opportunities which become afalié only if earlier
investments are undertaken. The above line of work prouitesuilding blocks

75



Chapter 6 The Option Valuation Model

of real options analysis.

The past two decades witnessed a rapidly growing literatoneal options.
For an overview of real option theory and applications, B@eexample, Dixit and
Pindyck (1994) and Trigeorgis (1996). The former providesfirst detailed ex-
position of the real options approach to the capital investindecisions of firms,
stressing the irreversibility of most investment decisicend the ongoing uncer-
tainty of the economic environment in which these decisamesmade. The latter
brings together a wealth of previously scattered knowleslye research on the
new flexibility in corporate resource allocation and in thvalaation of invest-
ment alternatives brought about by the dynamic paradignealf options. The
real options approach is detailed, coupling a coherentigadf how option the-
ory is used with practical insights into real-world apptioas.

More recent contributions in this field include Paxson (20&hwartz and
Trigeorgis (2004) and Guthrie (2009). Despite enormousrttecal progress,
the practical usage of real options is nonetheless limitedal options analy-
sis clearly adds an entirely new dimension to strategickthonbut also presents
many practical difficulties. These problems generally iiaib three categories:
finding a model whose assumptions match those of the proguogkanalyzed,
determining the inputs to this model, and being able to rmatieally solve the
option pricing algorithm (Bowman and Moskowitz, 2001). Shepractical diffi-
culties may explain, in part, the limited use of real optiamalysis in strategic
planning. One approach to solving this problem of misspetifiption valuation
models is to create a more advanced, customized optionti@uggorithm that
better matches the characteristics of the investment gedpApplied in this man-
ner, real option theory provides a long-term competitiveaaalage through better
decision-making.

The considerable amount of risk and flexibility involved i&R makes real
options valuation an important alternative to other evidwmatechniques. Each
stage of R&D investment is analogous to a call option invajvilecisions to in-
vest in further development or commercialize when the acutee successful and
the entire process may be viewed as a series of call optionhanypoint in the
process, there is also an option to abandon the projecio@mas to a put option)
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so that only the sunken investment is lost. The real optigpsaach can be ap-
plied at various levels of sophistication depending on trelability of data and
the complexity of the problem.

R&D options are generally European since the decision tesnin further
stages depends on the successful completion of previous &&fes and as a
result can not be exercised early. On the other hand, byngait introduce
the new product, the company may lose first mover or piongeagvantages,
especially in markets which are characterized by decrggsioduct-cycles and
growing competition, see for example Urban et al. (1986r&fore management
will exercise R&D options as soon as it is able to do so (Pegsand Lint, 1997).

The ideas underlying the Black and Scholes formula invobitrsy up a risk-
less portfolio consisting of a position in the derivativelanposition in the stock.
For there to be no arbitrage opportunities, the return fio@portfolio must be the
risk-free interest rate. If the portfolio earned more thiais teturn, arbitrageurs
could make a riskless profit by borrowing money to buy thefpbd; if it earned
less, they could make a riskless profit by shorting the plotiand buying risk-
free securities. This generalization of option pricingrefned by Merton (1974,
1977), has become known asentingent claims analysisThe basic setting of
this approach is an economy with a rich menu of traded ass#isfferent re-
turn and risk characteristics. To value a new asset, we trggbcate its return
and risk characteristics through a portfolio of existirgped assets. The price of
the new asset must then equal the market value of the portfdlis approach
has been applied in the valuation of natural resource imests, such as gold
and copper mines and oil deposits, due to the existence dideetloped future
markets for those commodities from which essential marktrimation can be
extracted. With options on R&D projects, however, the ulyileg assets are non-
traded and finding a twin asset with similar risk charactesss impractical. In
fact, the major risks of R&D projects are typically projepesific and cannot be
replicated in external markets. In particular, technicsks such as the uncer-
tainty over development and manufacturing costs, andrestd competitors, are
not correlated with any asset traded in the financial markets

An alternative to contingent claims analysis for valuingiops on real assets
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is the dynamic programming approach. This approach makeemand on the
completeness of financial market. It breaks a whole sequehdecisions into
just two components according to Bellman’s Principle of i@ylity : the im-
mediate decision, and a valuation function that encapssitéie consequences of
all subsequent decisions. The optimal sequence of desigdound by working
backward. Without the existence of a sufficiently rich setafrkets in risky as-
sets, the objective function simply reflects the decisiokernia valuations of risk,
and is calculated using an empirical discount rate. Altlidihg two approaches to
valuing real options make different assumptions about Gizhmarkets, and the
discount rate that the firm uses to value future cash flowg,dhein fact closely
related to each other, and lead to identical results in mapjications. For the
equivalence between contingent claims analysis and dynprogramming, see
Dixit and Pindyck (1994). For the reasons described abasgdlite dynamic pro-
gramming approach that we will use in our analysis.

A striking problem that arises from the observation that Rfudjects are
non-traded concerns the estimation of their volatilityefighare clearly no historic
data from previous projects that can enable us to estimbh#biyethe volatility
of an R&D project. However, it is a well-established facttttfae option value
is very sensitive to the volatility of the underlying ass&easonable estimates
of the volatility are therefore required. One possible apph is to use relevant
stock volatility to approximate the volatility resultingoin an R&D project. Us-
ing judgements of senior management to attain reasonahiesv/tor volatility is
another possible approach (Pennings and Lint, 1997). Ligingemaceutical en-
terprises such as Merck usually assume an annual projeatilitglbetween 40
and 60% (Chen, 2004).

In recent years, Monte Carlo simulation has emerged as agrogoproach
in dealing with volatility in real options evaluation. Itaspowerful technique that
allows for considerable flexibility in the specification afeertainties. Based on
assumed probability distributions for each uncertaintgrge number of possible
scenarios can be generated for the underlying project valuereal options value
is then calculated for each for these scenarios, and thageaf these values is
discounted back to the present (Triantis, 2001).

LA brief introduction to Bellman equation is given in Apperd.
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In this chapter we are interested in the European real optimer incom-
plete information in the presence of discontinuous arifalimps from multiple
sources. We consider the value of an investment opportéorityhich the deci-
sion is whether or not to proceed to clinical trials in a fixesipd of time. We
assume that the current value of the new drug and the cosinidatltrials are
given with reasonable accuracy.

6.2 General Valuation Framework and Numerical
Solution

The total uncertainty underlying the value of the new drugasited to be the
composition of two types of uncertainties: the economicemtainty which con-
cerns the volatility of the future value of the new drug, doehanges in market
size, changes in interest rates, changes in the econonomkpbr other new in-
formation that causes marginal changes in the new drugieyahd the technical
uncertainty which is associated with the arrival of rarengs¢hat have discrete
effects on the new drug’s value. Examples of these rare @Bt competitive
entry or arrival of substitute products, a new regulatorgisien, and expropria-
tion or political risk. We incorporate these uncertaintigsallowing IV to follow
a stochastic process through time. The economic compoffi¢hé aincertainty
is modelled by a standard geometric Brownian motion; therieal component
of the uncertainty is modelled by Poisson jump processesctefh the discrete
impacts of the rare events.

Stochastic processes with discrete events in the contexttimin pricing were
first studied by Merton (1976). Later applications in opticing include Ball
and Torous (1985), Amin (1993) and Pennings and Lint (199Wg finance lit-
erature has mostly focused on the case of a single sourceeoévants. Notable
exceptions are Jones (1984), who studied hedging of finlamygiemns under two
classes of jumps, Abraham and Taylor (1993) who considéeegdricing of Euro-
pean options when the stock price is subject to both jumgsaviticipated arrival
and jumps with random arrival, and Martzoukos and Trigeo2002) who valued
real options when the underlying asset follows a mixed judiffusion process in-
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volving various types of rare events.

Here we assume the existence of multiple sources of jumps. aksumed
that the arrivals within each type of jump are independedigyributed Poisson
processes. Let, denote the Poisson process for tyygamps with arrival rate\,,

s =1,2,...,5. Thus, the probability that no event from sourceccurs in the
time intervaldt is 1 — \;dt + o(dt), and the probability that one event from source
s OCCUrs iS\ydt + o(dt), whereo(dt) is the asymptotic order symbol meaning that

¥ (h) = o(h) if limy_,o[t)(h) /h] = 0.

If a rare event occurs from any of the sources, the value afi¢imedrug falls
by some fixed fraction. Lep, (0 < ¢, < 1) be the size of this fraction resulting
from the arrival of a rare event from sourgeHence the increment of the Poisson
process

dq, = { 0, with probability 1 — \,dt, 6.1)

Os, with probability \,dt.

The presence of multiple sources of jumps implies that tisea@ overall Poisson
arrival rater:1 A; of rare events, and the probability that a rare event is from
sources is A,/ S0, A

The value of the first new dru@y/ is assumed to follow a jump-diffusion
process of the form:

S
dW = BWdt + oWdz — W > dg. (6.2)
s=1
Heref is the drift parametel; is the volatility of the project, conditional on no
arrival of important new information (i.e., no rare eventoxs) (Merton, 1976),
dz = e//dt is a standard Brownian motion, where- N'(0,1),dg, (s = 1,2,...,5)
are the fractional reductions caused by the Poisson pregekescribed in (6.1)
with Eldg;dq;] = E|dg;|E[dg;] for i # j, anddz anddg, are also assumed to be
independent (so thdt[dzdg] = 0,V s).

Equation (6.2) says that” will fluctuate as a geometric Brownian motion,
but over each time intervak there is a small probability that it will drop to some
proportion of its original value and it will then continue dtluating until another
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rare event occurs. The presence of the jumps affects thelyimdestochastic
process in two ways. First, note that the expected percemédg of change ifl”

is not3, butinstead iF[dW]/Wdt = -3, ¢,\,, thus increases ih, reduce
the expected rate of capital gain @n by increasing the chances of sudden drops
in WW. Second, because rare events occur only infrequently, ofidlse time the
variance ofdWW /W over a short interval of timét is just that of the Brownian
motion part. However, if a rare event occurs, it contribate®ry large deviation,
S0 its contribution to the variance cannot be neglected. XBomnéne these two
components of the variance, let us get 0 for simplicity. Then

S
E[dW] = —W ) At
s=1

S S
E[(dW)’] = E[0®W?(d2)* —20W?*) dgydz+2W?>>  dgidg; + W?*» (dg,)?),

s=1 i#j s=1

S S
= W2t —20W? ) " g Ndzdt + 202 iy (dt)” + W2~ G2Adt,
s=1 1#] s=1
S
= W2t +W?) ¢\t
s=1
where(dz)? = dt, and terms inizdt and(dt)? are ignored, following the rules for
Ito’s formula. ?

VW] = E[(dW)*] — {E[dW]}*

S
= W2 dt+W?>  ¢2Adt — 0

s=1

S
= W2t +W?>_ ¢2Adt. (6.3)
s=1
The first term on the right side of equation (6.3)%J/%dt, is the instantaneous
variance of/I/, which comes from the Brownian motion part of the procesd, an
is conditional on no jump occurring. The second tve?,Zle 2 \4dt, accounts
for the possibility of a jump.

2See Appendix E for an introduction to Itd’s formula.
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Now return to our valuation problem, where the firm at theenttime, has
an option to invest in clinical trials at the costbin 7 years time. Recall thatis
the probability that a CD passes through all phases of @itr@ls, thuspWV,,..
is the expected value of the new drug at tigme- 7. If the expected value of the
new drug at timep + 7 is greater than the total expected cost of investrient
the decision will be to proceed to clinical trials, while fealues less thani the
project will be abandoned. Thus the payoff at time- 7 is max{pW,,.. — I,0}.
Denote byF (W, t, 7) the expected present value of this future payoff at time

(t> ),
F(W,,t,7) = e 7T Blmax{pW,., — I,0}], (6.4)

whereL’ denotes the expectatiol, is the current value of the new drugis the
time to maturity of this investment opportunity, afnds the discount rate.

Since the investment opportunity;, (W, ¢, 7), yields no cash flows up to
time ¢ + 7 when a CD is ready for submission to clinical trials (or s@@dhother
company), the only return from holding it takes the form gbital appreciation.
Hence the Bellman equation féi(1V,,, t, 7), the value of the investment opportu-
nity at timet, is

~Fdt = E[dF). (6.5)

Equation (6.5) says that over the time interdglthe total expected return on the
investment opportunityy F'dt, is equal to its expected rate of capital appreciation.

Applying Itd’s formula to the calculation af " we have

2
dF = 8—Falt—i-8—FdI/V+18F

= 2
ot ow 2 0W? (W) (6.6)
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Here

S
(dW)* = (BWdt) + o®W?(dz)> + (WY _ dg,)* + 280 W dzdt

s=1

S S
—28W?Y " dg.dt — 20W* Y " dg.dz
s=1 s=1

S S
= 040 W2dt+2W?*> " dgidg; + W? Y (dg,)* +0—28W? ) dg.dt

1#] s=1 s=1

s
—20W? Z dgsdz

s=1
S S
= WAt +2W*>  dgdg; + W?Y (dg,)* — 28W? ) dg.dt

1#£j s=1 s=1

S
—20W? Z dgsdz. (6.7)

s=1

Substituting (6.7) and (6.2) into equation (6.6) and takhregyexpectation we
get

OF OF 1 OPF
S S
1, ,. 0°F OF
+5W ;gbs)\s e W;ws aW]dt. (6.8)

Now substituting equation (6.8) back into equation (6.%) dividing through
by dt, the value of the investment opportunity\¥,,, ¢, 7) must satisfy

1 S S
SWAO+ Y ) Fww + W(B =Y o\ )Fw + F,—9F =0, (6.9)

s=1 s=1
subject to the following boundary conditions
F(0,t,7) =0, (6.10)
F(W,, o+ 71,7) = max{pW,,, — I,0}. (6.11)
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Equation (6.9) is difficult to solve analytically, but it iohdifficult to obtain a
solution numerically using the finite difference methodeTimite difference ap-
proach suggested by Schwartz (1977) and Brennan and Seh{&8i8), solves
the underlying differential equation by converting it iralifference equation.

There are two alternative ways of implementing the finitéadé@nce approach.
The first, known as the implicit finite difference methodatek the value of the
derivative at time + At to three alternative values at timeThe second, known
as the explicit finite difference method, relates the valub®e derivative at time
to three alternative values at time At. We shall use the explicit finite difference
method to solve equation (6.9) subject to its associateddemy conditions (6.10)
and (6.11). It has the advantage of being computationaiiykdr and avoids the
need to specify further boundary conditions.

To make the explicit finite difference method more compuotaily efficient
and to ensure the convergence of its numerical solution, egintby making a
logarithmic transformation ol/. Define

Z =Ln(W), (6.12)
H(Z,t,7) = F(W,t,1), (6.13)

so that
Fy = Hze ™, Fyw = (Hzy — Hz)e *F, = H,. (6.14)

Equation (6.9) then becomes

S S S 2
L, 2 02+ 31 I
S(0*+ ; O*\)Hzz + (B — ; Bshs — 5 )Hz + H, —vH = 0. (6.15)
Notice that equation (6.15) unlike (6.9) is a partial diffietial equation with con-

stant coefficients. This simplifies the numerical analysmg makes it possible to
employ an explicit finite difference approximation to (6)1%hereas the explicit

finite difference approximation to (6.9) is in general ubga®

The finite difference method transforms continuous vaegall and¢ into
discrete variables, and replaces the partial derivativeguation (6.15) with finite

3For issues relating to the convergence and stability of ¥pdicit difference method, see, for
example Geske and Shatri (1985), or Hull and White (1990).
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differences. Definé\t andAZ to be the discrete increments in the value ahd
Z, respectively. A grid consisting of atotal @V +1)(M +1) points is constructed
for considering values aoff when the time is equal to

o, o+ At, o+ 2At, ..., o+ T,
andZ is equal to
v, v+ AZ Y+ 207, ..., U,

wherey = Ln(min W) andV¥ = Ln(max W). min W andmax W are the small-
est and largest possible valuesifconsidered by the model. In addition, (00
is undefined so we letin W > 1 so thaty > 0.

The(:,j) (i =0,1,...,N,j=0,1,2,..., M) point on the grid is the point
that corresponds tp + iAt andvy + jAZ. We denote by,; the value of the
option H at the(i, j) point. The partial derivatives df with respect taZ can be
approximated as follows,

OH  Hijj1— Hip1 5

i A
o4 207 ’ (6.16)
O*H Hitrji1+ Higrj1— 2Hiq
= : : ’ 6.17
07> AZ? ’ ( )
and the time derivative is approximated as
O _ Hin,—Hy (6.18)

ot At
fori=0,1,...,. N—1landj =1,2,..., M — 1.
Substituting equations (6.16), (6.17) and (6.18) into tiffeidntial equation
(6.15) gives

1
Hi,j = m(aHiH,j—l + sz‘+1,j + CHi+17j+1)> (6-19)
where
0_2 S 2 R
_ (_ 5 - Esszl Qbs)\s - M + 02 + Zf:l qbg)‘S)At
YAV 2AZ? ’
o’ + ES )
b = 1— s=L s 5 At and
AZ? ’
0_2 S 2 s
c = (5 - Zsszl (bs)\s - M + 02 + Ef:l ng)\s)At
a YAV 2AZ? '

85



Chapter 6 The Option Valuation Model

For any value of ( = 0,1,..., N), equation (6.19) allows us to solve for
H;; in terms ofH,; 4, ;. The extreme valuesly; (j = 0,1,..., M) are given
by the boundary condition (6.11), which says the value ofdpon F' at time
w+T1ismaxpW,,. —I,0}. This is equivalent to saying thét(Z,, o +7,7) =
max{peZs+~ — I,0}. Hence,

Hy; = max{peerjAz — 1,0}, j=0,1,..., M.

The value of the option after transformatidit(Z,,, ¢, 7) at current timep, is by
definition Hy ;-, for some particulaj* such that¥*7"2Z = 1¥,,. Itthen remains to
use equation (6.19) to calculatk ;- starting fromH y ; and working backwards.

Notice that the coefficients of (6.19) are independentarid thats + b+ ¢ =
1. For the stability and convergence of the explicit solut@sufficient condition
is that the coefficients, b andc be positive as\t andAZ — 0 (Ames, 1977).
For this condition to be satisfied it is necessary thaandA~Z be chosen so that

2 > 2 At
(0®+ ) N5 <L (6.20)
s=1

The simplest procedure is to l&t andA Z approach in such away thaht /A Z?
remains constant and less thgfio? + Zle $?)s). In most cases, a good choice

for AZ is \/3(0> + X5, 620.) At (Hull, 2008, p. 443).

6.3 Calculations of Profitability for (s,n) and FlI
Policies

Now we have formulated the option valuation model to valuenaestment op-
portunity (i.e., whether to invest in clinical trials inyears time) that is subject

to multiple sources of jumps. To incorporate this optiorueainto 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 thdénotes the fraction by
which the occurrence of a typebsolescence event reduces the value of the new
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drug, and; is the corresponding arrival rate= A, B, C. Hence we have

¢1 = fA7¢2 = va¢3 - fCaand
A =Ea, A0 =EB, A3 =Ec

The value of the investmenmtshould equal the total expected cost of clinical trials,
hencel = c¢; + pre "¢y + prprre M Fti ey ;.

With the assumptions set out above, we can now incorporategtion val-
uation model in the calculations of profitability in the @ifént candidate drug
selection policies that we have considered in previousteiapNote that in all of
our previous calculations we evaluate the expected totaneas the net reward
after deduction of the cost of clinical trials. This expebtet present value can be
replaced byF'(W,, t, ) as defined in equation (6.4), which itself is an expected
maximized net present value. The corresponding expect&d concerning pre-
clinical stages stay as they are in previous calculations.

First we consider the calculations f@r, n) policies. The expected net present
value of the first CD given that the first LS is successfullyimpted in equation
(4.3) can be replaced b¥ (W, 0,t; + t5 + t4), whereW is given by equation
(6.2) with starting valuéV?;,, and has types A, B and C obsolescence events as
distinct sources of jumps. The option value of the second @b the same LS is
F(nW,,0,t,+ty+t4+t5), and for thek™ CD the option value i$'(n* ='W, 0, t,+
to + 1ty + (k—1)t5).

To generalize the result further we [Et= t; + ¢, + t, and use a subscript
‘0’ in the notation that follows to differentiate from cosgonding notation used
in previous chapters. We can write

Ro(1,1) = pi(par + pa2)pa [F(Wo,0,T) + F(nWo,0,T + t5) + ...
‘|’F(77k1_1W07 07 T + (kl - 1)t5):| 3
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k1
Ry(1,n) = pi(par +p22)pa[ D F(" ' Wo,0,T + (m — 1)t5)]
m=1
k1
m—1
+p1(p21p3 + Pa2)qapa | Z F(n™ ™ Wo,0,T + ty + (m — 1)t5)]
m=1
k1
+p1 (Pt + poepi )y s[> F (" W, 0,7 + (n = 1)t + (m — 1)t5)]
m=1
n . . . kl
= > pilpapy "+ poepd ) s D F T Wo,0,T + (j — Dta + (m — 1)ts)].
j=1 m=1

with the convention thai; ! = 1
( at;

The value of the first CD from the second successfully op#ahizS given
thatk; CDs have been taken from the first successfully optimizedlL&juation
(4.4) can be written a8'((pyn* + 1 — py)Wo,0,T + pts + (k1 — 1)t5), and we
have

k1

R,(2,2) = pi(pa1 + p22)pa [ Z F(n™"Wo,0,T + (m — 1)%)}

m=1

k1
+p1(p2ps + po2)@apa Y F(™ 7 Wo,0,T + 4 + (m — 1)t5)]

m=1
k
2 - k1 m—1
+p1(p21p3+p22)p4[§ F((pen®™ + 1 — pp)n™ Wy, 0,

m=1

T+ (ki = 1)t5 + pty + (m — 1)%)} :

n—1 J
Ry(2,n) = R,(1,n)+ (p1pa1pspi + p1pasp?) [ Z(P3CI4)]_1
j=1 i=1
ko
k1 m—1
(D P + 1= )™ Wo,0,
m=1

T+ (Gi—Dts+(j—i+1)pts + (ks —2+m)t5)>].
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Finally, for s = 3 we have

n—2 i

R,(3,n) = Ro(2,n)+(p1p21p3pi+p1pzzpi)[E pha D %
=1 i=1
k3

(Z F((pen®™ +1—=pp)(osn™ + 1 = o)™ W, 0,

m=1

T+(’L—1)t4+(]—2+2)pt4+(k1+/€2+m—3)t5))]

Note that to calculat&,(1,n), R,(2,n) andR,(3,n) we need to apply the explicit
finite difference procedure fotk,, nk, +n(n—1)ks/2 andnk; +n(n—1)ks/2+
(n —1)(n — 2)ks/2 times, respectively.

We can calculate the optimal allocations of effort at eaatcessive stage
of a pre-clinical R&D project by using the profitability inderiterion and the
internal rate of return criterion as we did for the initial d& described in section
4.3.3. Because the calculation BfIV,,, ¢, 7) depends on the discount ratethis
implies that when optimizing the IRR with respect to the dffdlocations we need
to calculateR, (s, n) using the explicit finite difference method at every itevati
in the Newton-Raphson procedure. However, for moderateedsgof accuracy
(e.g., by setting\t = 0.001) the explicit finite difference procedure is reasonably
fast. Therefore the above task should not be too computdlyorhallenging.

Next we consider the calculations needed in applying Flcesdi In an Fl
policy, the values oI (C' D), PI(LS) and the reference Pl are compared at each
decision point. The decision to take an additional CD mehaswe hold a call
option which matures ity years’ time. Hence the expected value of the next CD
is

rocp = e "F(W,,t,ts)

= ¢ "F(]] (en” + 1 = p)uWo, 1, 15), (6.21)
1€O\S

wheret is the time at which the decision needs to be taken,bamithe number
of CDs selected from th&" optimized LS © is the set of all LS from which CDs
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have been selectef,is the youngest LS from which we will choose the next CD,
andx is the number of CDs we have taken from the youngest'LS.

Similarly, the decision to optimize a new LS means that weiwiffect hold
a sequence of call options with the first one maturing,iyears’ time. As we
have noted in section 3.1, the value Bf (LS) depends on whether stage 3 is
to be carried out alongside stage 4, and determining it®ualolves evaluating
the rewards and costs of two successive LS. The relevantdewadetermining
PI(LS) are the expected reward for a single attempt to optimize alrf&vthe
expected reward for a further attempt to optimize a new L¥®wWhg a first un-
successful attempt, and the expected reward for a furtiemat to optimize a
new LS following a first successful attempt. Denote theseeetqul rewards by
To1, oz @Ndr,3, respectively.
Hence

k*
ra = e p Y F([[(en” + 1= p)Wo, t,ta+ (m = 1)t5), (6.22)

m=1 €O

k*
rep = € V'py Z F(H(Pbﬁbi + 1 —pp)Wo, t, 2ty + (m — 1)t5), (6.23)

m=1 €0

k*
ras = ¢ 'pi > F([Jwen” +1—=p)(n* +1—p)Wo,t,

m=1 €O

ty+ pta+ (K +m— 2)ts). (6.24)

The above calculations are for Fl policies in a fixed probaéd setting. Equa-
tions (6.21) to (6.24) correspond to equations (B.1), (B(B)3), and (B.4) in
Appendix B.1, respectively. The calculations needed iremheining P1(CD)
and PI(LS) in an adaptive probabilities setting may be carried out iinalar
manner.

4This notation and the notation that follows is defined in Apqiz B.1.
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Tests on Optimization Procedures

In this chapter we report the findings of investigations eated on OPRRA'S
profitability index optimization procedures. OPRRA offéinsee different types
of policy that may be used to optimize the PI, namely,(the:) policy and the FI
policy in its restricted and its general forms. The main antoiassess and com-
pare the performances of the associated procedures soias tegpmmendations
on the use of OPRRA.

7.1 Optimization Procedures

The procedures used to evaluate, and in some cases alsdrtozeptP| are as
follows.

e (s,n) expectation algorithm N EA). This algorithm evaluates PI for
given resource rate allocations, u., us, us andus for the five stages of
discovery and given values oefandn. It can optimize the allocations for
givens andn using numerical optimization procedures. The valsieand
n* of s andn which lead to the overall optimal value éf/* may be de-
termined by repeatedly running the algorithm with differemlues ofs and

n.

e FI simulation. This algorithm provides a distribution oftoames for given
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allocations, using Fl to select successive CDs. Itis uspdtade estimates
for PI using optimal allocations calculated BYW E A for (s,n) = (s*, n*)
(FISIM*), and for(s,n) = (1,1) (FI1SIM11), with the reference PI
equal to the optimal PI calculated withV £ A for the correspondings, n).

e Restricted FI expectation algorithn®{'/ £ A). This is the algorithm de-
scribed in section 3.2 for sequential CD selection. In OPRIR&e are two
extensions to that algorithm. First, the expression-fprs modified to al-
low for the possibility thaty;, # ~,. Second, there is a modification which
ensures stage 3 is only carried out if there is a possibHiy the resulting
LS will be used. Itis implemented with allocations optindassingS N EA
with (s,n) = (1,1).

As the general Fl policy is too complex to be evaluated arelly, we assess the
performance of FI policies by simulating the candidate dvelgction process.

A simulation of any system or process in which there are iaidy random
components requires a method of generating numbers thagagem. Thus a
good random number generator (RNG) is essential for olotgiaccurate sim-
ulation results. The RNG we use in the simulation study is meghigenerator
recommended in the book by Press and Teukolsky (2007), wadriad length of
1.8 x 10%.

A replication is a run of a simulation model that uses a spesifieam of
random numbers. Different streams of random numbers ar fosalifferent
replications of simulation in our study to ensure the accyitd the estimate. Each
run of the simulation results in a reward and a cost for thgeptoLet X; andY
be the reward and cost obtained on jfferun for j = 1,2,..n. Then theX;’s
andYj’s are i.i.d. random variables. Thus the sample me&ns Zn:TlX and
Y = ZLTJ are unbiased estimators of the population means for rewatdast,
and the sample variancé§, = %{W andsSy = Z:;[fyl_w are unbiased
estimators of the population variances for reward and ddsnhote byPI = X
the averageP! for the project. The corresponding estimated variancePbiis
derived using the delta method (see, for example CasellBarger, 2001), which
gives

=
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2X _
) = —[=5 + 72 $COU(X7Y)],

and therefore the5% confidence interval foPI is

(= —1964/Var(=), = + 1964/ Var(=)].
Y Y Y Y

We set the number of runs= 100, 000 in all of the simulation tests.

7.2 Parameter Values

The OPRRA model requires 33 input parameters. They are: twoedpecific
parameters anda, Six project-specific parameteys, v, v», A, p,, andp,, and
25 stage/phase specific parametgro1, pao, P3, Pa, t1, ta, t3, ta, ts, g, Usg, Us,
U4y Us, PI, PII, PI1I> L1, trrs trrrs 1, crr, crrr @andp. In this studyp,, is set to0 so
that we are able to compare the other procedures it ' A, in whichpss = 0.

Throughout the studies in this chapter and in chapter 8tafegeess function
(4.2) is assumed, with a minimal duration®fmonths, a cap of0 scientists for
each stage, a5% loss of efficiency with3u, scientists, and 82% loss of effi-
ciency with5u scientists as compared with the maximal efficiency with= 14
scientists. To simplify our discussion we also make the digogealistic assump-
tion that the costs of clinical trials are proportional teittdurations, (i.e.g—j, %
and% are constants), so that the values oft;; andt,;; are determined by;,

Crr andC[[[.

500 sets of input parameters are chosen to study the variousiiaption
procedures. Each of the input parameters is randomly arepariently drawn
from its own specified uniform distribution displayed in Taly.1. The input
parameter ranges are chosen so as to include many of thes velieh are likely
to occur in practice. However, 155 of the simulated projecesexcluded from
the study due to negativiél* or optimization failure for SNEA. All numbers in

1The Newton-Raphson procedure is abandoned if the numbéerafions exceeds the maxi-
mum number of allowed iterations. This accounts for 5 ouhef155 excluded projects
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the results are rounded to an accuracy of three decimalgplace

7.3 Numerical Results

For the remaining 345 projects, thel* ranges from0.001 to 4.093 and has a
mean value 00.292. Only 20 projects are profitable, witR/* > 1, the vast
majority of projects being loss makihg198 projects havés*, n*) = (1,1), 77

projects haves*, n*) = (1,n* > 1), 43 projects havés*,n*) = (2,n*) and 27
projects havés*, n*) = (3,n*).

For the57% of projects with(s*,n*) = (1,1), there are just three distinct
procedures:sSNEA, FISIM11 = FISIM* and REFIA. The optimal solu-
tions from all three solution algorithms take simple forrikey lead to the same
decisions on the selection of CDs and give the same valug for

When (s*,n*) # (1,1), we useSNEA to calculate bothP?/* and PI11,
wherePI11 is the optimalP! for the project wheris, n) is set at(1, 1). Define
A = L= the ratio of the overall optimaP! to the optimalPI at (s,n) =
(1,1). Let PIg;, Plp;; and PIgp; be the outputs o' ISIM*, FISIMI11
and RF'IE A, respectively. We sePl* as the baseline measure and assess the
performance off ISIM*, FISIM11 and RFIFEA by comparing their outputs
to the baseline. Defin€r; = £IEL, Prpyy = 220t and Prrr = 22522 to be the
performance scores @t/SIM*, FISIM11 andRFIFEA. A performance score
greater than one means outperforming the baseline, whersase less than one

means underperforming.

Figure 7.1 plots the distribution ak for cases wherés*, n*) # (1,1). The
mean value of\ is 1.086, indicating that on average!/* only outperformsP/11
by less thar10%. By plotting A againsts*, we see that on averagetends to be
bigger whens* is bigger (Figure 7.2). The maximum value &fis 1.667, which
occurred withs* = 3. (The relationship between the parameter valuessansl
discussed in the next chapter.)

Note this is broadly in line with the distribution of profitisity for commercial pharmaceutical
projects, see section 1.1.
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Table 7.1:Input parameter ranges.

Parameter Minimum  Maximum
A 0.5 0.9

Uy 3 15

Us 6 30

U3 6 30

Uy 6 30

Us 6 30

t 0.5 4.5

to 0.3 3.0

t3 0.3 3.0

ty 0.8 7.5

ts 0.5 4.5

P1 0.3 0.9

Pa1 0.3 0.6

D3 0.4 0.8

P4 0.4 0.8

Da 0.84 0.96

Dy 0.4 0.8

P 0.7 0.9

v 0.03 0.25

Vs 0.03 0.25

v 0.05 0.15

pr 0.4 0.7

Prr 0.3 0.6

Drir 0.5 0.8

cr 0.2 million 0.8 million
CIT 0.6 million 2.4 million
Crrr 6.5 million 26 million
%% 500 million 2000 million
Q 0.2 million 2 million
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Figure 7.1:The distribution ofA.

Figure 7.3 shows the plots 6%-;, Pr;11 andPrr; against*. The plots reveal
that the average performance scoreg'é¢5/M* and F'1SIM11 both appear to
be equal to one for all values ef, suggesting that'/SIM* and FISIM11 on
average perform equally as well &VE A. It also suggests that/SIM11 is
as good ag'I/SIM* as little difference can be seen between the performances of
these two procedures. This is confirmed by a p-valué bfrom the two sample
paired t-test on the values @t/»; and PIr;;, which does not reject the null
hypothesis that the true difference in means is equél #-; ranges from).854
to 1.189. However, cases whet/SIM* either underperforms or outperforms
SNEA by 10% are relatively few, (i.e.Pr; < 0.9 or > 1.1), which only account
for about7% of the cases. Note thdt/r; and PIr;;, are obtained by Monte
Carlo simulation and are thus subject to random variation.

Three linear models are fitted usirfg)-; as the response anll as the ex-
planatory variable fos* = 1 (with n* > 1), s* = 2 ands* = 3, respectively. The
results of the linear models show thathas no effect od’r; whens* = 1 and?2.
However, there is strong evidencE « 0.0001) of positive correlation between
Pr; and A whens* = 3. This suggests that the FI simulation method is likely
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Figure 7.2:Plot of A againsts*.

to work better when boti\ and the optimal number of LS to be optimized are
big. An effect estimate di.161 suggests that a one unit increaseé\nvould lead

to a16% increase in performance &/ S1M* relative toSNEA whens* = 3.
This is also true forPr;1,. We therefore recommend using b&tiv £ A and Fli
simulation whers* = 3 andA is bigger than the average valuelof

The performance oRFIFE A, on the other hand, decreasessasncreases.
The performance scoteg; varies from.998 to 1.006 when(s*, n*) =
(1,n* > 1), indicating thatRFIEA and SN EA have almost exactly the same
performance (to 3 d.p.). This result is a bit surprising agpweved in section 3.2
that RFIE A is optimal when the number of LS to be optimized is restridted
one. Further investigations were conducted on the breaks@iRFIFE A and
SN E A results. We have seen that althougR'/ £ A has the advantage of allow-
ing different number of CDs at each attempt to optimize anthis,advantage is
undermined by the heavy discounting of the rewards and cbsaser CDs. The
effects of later CDs on the overall Pl is very small. Heit/ £ A does not out-
performSN E A very much in terms of Pl. The mean &%, is 0.971 and 0.913
whens* = 2 ands* = 3, respectively, thougl¥z~; can get as low a8.724 when
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Chapter 7 Tests on Optimization Procedures

s* = 3. This means thakRF I E A is likely to underperformt N EA whens* > 1,
which is understandable &&F' I E' A is restricted to allow at most one LS.
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Figure 7.3:Plots of Pr;, Pry11 and Prry againsts™.

The most striking aspect of the results is the strong perdoca ofS N E A.
FISIM* and FISIM11 on average perform equally as well 83V E A, and
so doesRF'IEA whens* = 1. There are cases whén/ SIM* and F1SIM11
outperformSNE A, (i.e., the lower limit of th&d5% Cl of PIz; or Plp1 > PI*)
but these cases are ra4) and the level of outperformance is not substantial
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(max 19%). This means we can useN F A with confidence. Here we present
seven cases selected from the study. Their parameter \aleethown in Table

7.3. The results are displayed in Table 7.2.

Based on the results of this study, we give the following negm@ndation on
the use of OPRRA regarding the PI optimization proceduredig@issed in this

chapter.

e Start withSNFEA. It is the most comprehensive procedure as it not only
calculates the optimal PI but also the optimal allocatidf. given values
of s andn, SN E A gives the optimal allocations and PI, and it is also able

to gives*, n* and PI* by repeatedly running the algorithm.

e Whens* = 1 interested users can ugé'l £ A to check the optimal number
of attempts for stagé and the optimal number of CDs to take at each at-
tempt. However the resulting overall optimal PI will not beich different

from the PI given byS NE A.

e Whens* = 3 andA > 1.1 we recommend using botiNEA and FlI
simulation, as the latter method is likely to achieve a higRkin these

circumstances.

Table 7.2:Profitability Index values for the selected cases.

SNEA FISIM and95% ClI RFIEA
Project s* n* A (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 1126 0143 0127 0.143(0.1400.146) 0.141(0.138 0.10343
3 1 6 1135 0.312 0.275 0.311(0.306 0.317) 0.311(0.306 9.306313
4 2 2 1032 1418 1.374 1448(1.427 1.468) 1.453(1.433 1.41887
5 2 5 1.046 0.113 0.108 0.115(0.111 0.119) 0.115(0.111 9.10913
6 3 3 1146 0455 0397 0.458(0.451 0.465) 0.485(0.478 .40302
7 3 4 1156 0.830 0.718 0.894(0.876 0.912) 0.888(0.870 0.906762
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Table 7.3:Parameter values for the selected cases.

Project1 (s*,n*) =(1,1)

(D1, Pov, P3s Pas Pas Pos D1 Pirs Prrns b b trrr) = (0,304, 0,342, 0.788, 0.620, 0.913, 0.652, 0.662, 0.575, 0.624, 1.353, 2.917, 3.215)
(v, v1,v2, A, p, 0, Wer, eqp, crrr) = (0.088,0.057,0.100, 0.869, 0.796, 0.214m, 1263.526m, 0.541m, 1.750m, 13.930m)

initial INPULS (wy, sz, ws, wa, us, by, o, by, ta, t5) = (11,15, 15,12, 10, 0.594, 0.319, 1.622, 6.933, 3.129)

optimal outputs{u, w3, u, uf, ul, £, £, £, 12) = (21,19, 12, 50, 53, 0.318, 0.250, 2.084, 0.758)

Project2  (s*,n*) =(1,5)

(p1, P215 P35 Pas Pas Pos PI, P11, Pra1, try trr, trrr) = (0.565,0.495,0.654, 0.464, 0.892,0.517,0.528,0.534, 0.780, 0.618, 2.707, 2.423)
(v, v1,v2, A\, py e, Wier, errr, errr) = (0.132,0.140, 0.228, 0.869, 0.739, 1.155m, 1303.707m, 0.247m, 1.624m, 10.500m)

initial inputs (uy, ua, us, ug, us, t1, ta, t3, ta, ts) = (6,20, 16, 6, 28,2.686,1.913,0.789, 3.392, 0.818)

optimal outputsiuf, uj, ul, ui, ui, 5, t5, t5, t¥) = (38,51, 33,70,67,0.484, 0.932, 0.428, 0.462)

optimal outputs ats,n) = (1,1): (uil, udl, udl, uil, udl 111, 631 1 til) = (6,48, 32,66, 70,0.503, 0.967,0.439, 0.453)

Project 3 (s*,n*) = (1,6)

(D1, P21y D32 Pty Pas Py D1 Di1 D1t b trrn) = (0.606, 0,438, 0.564, 0.446, 0.871, 0.727, 0.628, 0.506, 0.601, 1.763, 2.935, 1.605)
(v, v1,v2, A\, p, 0, Wer, errr, errr) = (0.073,0.041,0.141, 0.611, 0.818, 1.452m, 1959.007m, 0.705m, 1.761m, 6.954m,)

initial iNPULS (w1, g, s, ua, ws, 1, b, b, ta, t5) = (3, 26,17, 17,9, 2.455, 2.775, 0.674, 1.845, 2.492)

optimal outputs{u’, uj, uj, uf, ul, 4, 5, £5, 1) = (25,34, 17,63, 58,0.307, 2.240, 0.689, 0.516)

optimal outputs afs, n) = (1,1): (ul!, ul!, ull, ull, ull, 11, 111, ¢11, £11) = (24, 33,15, 51, 61, 0.318, 2.291, 0.773, 0.503)

Project4 (s*,n*) =(2,2)

(D1, Por, P3s Pas Pas Py 1 P Prins b tan trrr) = (0.525,0.584,0.459,0.738,0.873,0.634, 0.631, 0.583, 0.747, 0.543, 1.495, 3.231)
(v, 1, v3, A, p, &, W, er, errp errr) = (0.100, 0.086,0.129, 0.677, 0.748,0.494m, 1687.803m, 0.217m, 0.897m, 14.001m)

initial INPULS (wy, ua, us, wa, us, b, ta, b3, ta, ts) = (11, 6,26, 23,9, 3.610, 0.820, 0.530, 0.830, 4.285)

optimal outputstu, w3, uf, ul, uf, £, &5, £5, 1) = (32,19, 37,65, 49, 1.356, 0.25, 0.403, 0.978)

optimal outputs ats,n) = (1,1): (ui!, udl, udl, uil, udl 631, 631 31, 1il) = (32,19, 33, 55, 48, 1.356, 0.25, 0.439, 0.991)

Project5 (s*,n*) = (2,5)

(1, P21, D3> Pas Pas Pos P1s Pi1s Prins by by b)) = (0.360,0.345,0.720, 0.682, 0.881, 0.714, 0.580, 0.576, 0.517, 1.095, 3.142, 4.811)
(v, v1, V2, A, py o, W e, e, errr) = (0.055,0.167, 0.186, 0.545, 0.734, 0.520m, 1880.329mn, 0.438m, 1.885m, 20.848m)

initial INPULS (uy, sy, s, wg, us, t1, o, t3, ta, t5) = (11,8, 20,21, 16, 3.268, 0.380, 1.419, 1.637, 2.245)

optimal outputs{u;, uj, us, uy, ul, ti, ¢35, t, t1) = (42,12, 50, 70, 70, 1.007, 0.250, 0.708, 0.753)

optimal outputs ats, n) = (1,1): (ul!, ul!, udl, ull wll, ¢4 11, 10 1) = (40,12, 50,70, 70, 1.041, 0.250, 0.708, 0.753)

Project6 (s*,n*) = (3,3)

(p1, P21, P35 Pas Pas Pos P1, P11, Pra1, try trr, trrr) = (0.828,0.589,0.679, 0.790, 0.894, 0.639, 0.448,0.529, 0.710, 0.595, 1.698, 2.738)
(v, 1,03, A, p, ¢, W, er, crrpy erpr) = (0.133,0.049, 0.230, 0.650, 0.755, 0.600m, 1717.970m, 0.238m, 1.019m, 11.863m)

initial inputs (uy, ug, us, ug, us, t1, ta, t3, ta, ts) = (3,25,13,9,11,4.431,1.796, 0.768, 2.387, 4.231)

optimal outputs{u?, u}, uf, ul, ul, t5, 5, £, 1) = (26,35, 21, 58,42, 0.542, 1.370, 0.491, 1.302)

optimal outputs ats,n) = (1,1): (ui!, udl, udl, ui, udl, 611, 631 31, 11l = (27, 35,19, 49, 52, 0.522, 1.373, 0.541, 1.140)

Project 7 (s*,n*) = (3,4)

(D1, P21y 32 Pas Pas Py D1y Di1 Prins tr b tirn) = (0.417,0.546, 0678, 0.604, 0.955, 0.443, 0.555, 0.464, 0.694, 1.795, 2.680, 4.120)
(v, v1,v2, A\, p, 0, Wep, eqr, crrr) = (0.052,0.093, 0.130, 0.800, 0.823, 0.453m, 1822.191m, 0.718m, 1.608m, 17.853m)

initial iNPULS (w1, g, ws, ua, us, t1, b, b, ta, t5) = (5,10, 15,8, 19, 1.742, 2.859,0.679, 2.431, 3.061)

optimal outputs{u?, us, uf, uj, us, 1, £, 15, ££) = (27, 38,22, 52, 48, 0.342, 0.861, 0.478, 1.483)

optimal outputs afs, n) = (1,1): (ul!, ul!, ull, ull, ull, 11, 111 £11, £11) = (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$at’ A is the most compre-
hensive and reliable optimization procedure availableraag be recommended
with confidence most of the time. In this chapter we furtheestigate the rela-
tionship between the model parameters andstie” A outputs.

The objectives of this study are to identify the sets of patams that con-
tribute most to the variations d@f7* ands* under an(s, n) policy, and to estimate
the effects of those parameters and their interactionswiérgpwhich parameters
have the most influence on profitability is helpful in projsetection and resource
allocation.

8.1 Effects of Parameters onP[*

8.1.1 Identifying Important Parameters

800 randomly generated projects are used in this study. A&t iparameters
of these projects are randomly and independently taken fhenmtervals shown
in Table 7.1. In additionp,, is sampled from the intervdD.15,0.3). For each
project we havés*, n*) and PI* as the outputs224 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 respe P1* and
all 30 parameters as predictors. However, the plot of thieluats¢; against the
fitted valuesy presents strong evidence of heterogeneous behaviour nesfe
uals, prompting consideration of a possible change in thetstral form of the
model (Figure 8.1 left). An analysis of the profile log-likedod from the Box-
Cox transformation suggests a power transform ef 0.2 (Figure 8.1 right).

A full model is refitted withv/PI* as the response, and backward elimination
is applied to select the set of important predictors. At estelye we remove the
variable with the largest p-value ov@05. Nine variables:;(p = 0.056) , t;(p =
0.078), us(p = 0.453), t3(p = 0.658), ps(p = 0.131), p.(p = 0.939), py(p =
0.154), p(p = 0.105), andpa2(p = 0.094) appear to be insignificant in explaining
the variation iny/PI* and are removed from the model by backward elimination.
The resulting model consists of the remaining 21 predictdilow’s C, statistic
is used to assess its fit. Thg statistic is defined as

_ RSS,

6-2

Cp

+2p—n7

wheres? is the estimate of the varianeé from the full model with all possible
explanatory variablegzS.S, is the residual sum of squares (RSS) from a model
with p regression coefficients including the intercept, and the sample size.
If a model lacks important explanatory variables, it willoghgreater residual
variability and thuskSS, will be large. On the other hand, adding variables in
the model would reduce the RSS. The te&dmin the formula adds a penalty for
having more explanatory variables than necessary. Thsatdriterion which
trades-off fit in terms of RSS against complexity. If a modéhvy regression
coefficients fits, the’[RSS,] = (n — p)o? and E[C,] ~ p. A model with a bad

fit will have C,, much bigger thap. Models with smallC, statistics are looked at
more favourably.

For a model of a given size, th@, criterion will select the model with the
smallestRSS. We plot theC), statistic for the best model for each size in Fig-
ure 8.2. The figure suggests that our resulting model @itpredictors has the
smallestC,, statistic and thus fits well.

Table 8.1 shows the regression output for the model idedtifiebackward
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Figure 8.1: On the left: Residual plot of the initial full model, whichgressesPI*
against the model parameters. On the right: Profile logiihk@od from a Box-Cox anal-
ysis of the initial full model.

elimination. The p-values (ak 0.005) show overwhelming significance for all
21 selected variables. We can see from the table that the \esi@bu,, us, t4, ts,

V1, Yo, 7, ¢rr @anderrr have strong negative effects on profitability, with all gues
being less than 2e-16, whilé” has a strong positive effect. The magnitudes of
these effects and their interactions will be looked at mbordughly through a
two-level factorial design in the next section.

The diagnostic plot in Figure 8.3 shows that the assumpti@ostant vari-
ance is reasonable. Although Figure 8.4 indicates mild manmality of errors
the consequences can be reasonably ignored because ttie effeon-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
Q -1.422e-01 6.842e-03  -20.783< 2e-16
A 9.325e-02 3.122e-02 2.987 0.00294
Us -2.371e-03 5.207e-04 -4.552 6.53e-06
Uy -7.185e-03 5.311e-04 -13.529< 2e-16
us -4.343e-03 5.185e-04 -8.377< 2e-16
to -3.483e-02 4.663e-03 -7.470 3.14e-13
ty -2.908e-02 1.862e-03  -15.621 <2e-16
ts -2.708e-02 3.159e-03 -8.572< 2e-16
D1 1.150e-01 2.104e-02 5.465 7.01e-08
Da1 1.467e-01 4.800e-02 3.057 0.00234
P4 1.840e-01 3.141e-02 5.858 8.02e-09
2 -6.897e-01 5.966e-02 -11.562< 2e-16
2 -1.562e+00 5.866e-02 -26.623< 2e-16
¥ -1.460e+00 1.246e-01  -11.713< 2e-16
W 1.660e-04 8.703e-06 19.074 <2e-16
cr -1.405e-01 2.072e-02 -6.781 3.07e-11
crr -6.671e-02 6.957e-03 -9.589< 2e-16
crrr -1.135e-02 6.587e-04  -17.238< 2e-16
I 1.953e-01 4.168e-02 4.686 3.50e-06
Prr 2.816e-01 4.185e-02 6.727 4.32e-11
prir 1.693e-01 4.118e-02 4112 4.52e-05
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Figure 8.3:Residuals vs. fitted for the final model.
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Normal Q-Q Plot

Sample Quantiles

Theoretical Quantiles

Figure 8.4:Normality check for the final model.
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8.1.2 Factorial Design

A 27'7'? factorial design calculation was performed on these 2lofacwith
512 runs. Resolutiofr’ designs are designs in which the main effects and the
two-factor interactions do not have other main effects ar-tactor interactions
as their aliases, thus allowing the unbiased estimationllaha main effects
and two-factor interactions, provided that all the thraetér and higher inter-
actions are negligible. The high and low levels for eachdiaate set at the up-
per and lower quartiles of the input range. This choice of enatk values is to
avoid having negative outputs. We control the remainingaédes in the model
by setting them at their mean values, givi(wg, us, t1,t3, pa2, D3, Pa, Po, P) =
(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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Table 8.2:Low and high values for the selected factors.

Factor

Name Low Level (-1) High Level (+1)

«
A
U2
Uy
Us
12
Uy
ls
b1
P21
P4
V1

Vo
v
w
Cr
Cr1
Crir
pr

Pir
Prir

< C-HwnwxIvxOHOUTVOoOZZIrXNCITOmTMmMmOoOO®>P

0.5 million
0.6

10

10

10

1

2.5

15

0.5

0.4

0.5

0.08

0.08

0.07

500 million
0.3 million
1 million
8 million
0.5

0.4

0.6

1.5 million
0.8

20

20

20

2

5

3

0.8

0.6

0.7

0.16

0.16

0.12
1500 million
0.6 million
2 million
16 million
0.7

0.6

0.8
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The respons@* in the 512 runs ranges from 0.0002 to 4.2287, making the
ratio of the maximum to minimum responses as high as 1738&hwhdicates
that a transformation is highly likely to be needed. Agairaaalysis of the profile
log-likelihood from the Box-Cox transformation suggestsansform of power
A = 0.2 would be the most appropriate.

Figure 8.5 presents a normal probability plot of the effestineates using
v/PI* as the response variable. It is a method attributed to D4h889) to
select effects in unreplicated factorials, where therenarénternal estimates of
the errors. The effects that are negligible are normallyribisted, with mean
zero and constant variance and will tend to fall along aglitdine on the plot,
whereas significant effects will not lie along the straighel From examination
of the display, the most apparent and important effect$iére;, v, c;;; andey;.

Table 8.3 contains the effect estimates and sum of squardbdcselected
effects. The percent contribution in Table 8.3 is obtaingdaiing each individ-
ual sum of squares and dividing by the total sum of squaresranitiplying by
100. Note that the main effects really predominate, acéogtior nearly 97 per-
cent of the total variability, whereas the only significamteraction term ig.-W,
explaining just 0.48 percent of the total variability.

The resulting analysis of variance in Table 8.4 may be usexbitdirm the
magnitude of the selected effects. From Table 8.4 we noteaththe effects in
the model are highly significant (every p-val«e).0001).
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Figure 8.5:Normal probability plot of effects for th?! ~' design.
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Table 8.3:Effect estimate summary.
Factor Effect Estimate Sum of Squares % Contribution

P 0.25 7.93 31.56
A-a -0.2 5.25 20.89
N-v4 -0.14 2.51 10.00
Sy -0.11 1.57 6.25
R-ci; -0.083 0.88 3.50
O -0.083 0.87 3.46
G-ty -0.077 0.75 3.00
D-uy -0.075 0.72 2.86
H-t5 -0.071 0.64 2.57
E-us -0.071 0.63 2.52
U-prs 0.064 0.51 2.05
V-prrr 0.057 0.41 1.65
T-p; 0.054 0.38 1.49
M- -0.046 0.27 1.08
L-py4 0.043 0.23 0.92
Q-c; -0.038 0.18 0.72
C-us -0.035 0.15 0.61
F-to -0.033 0.14 0.56
B-)\ 0.027 0.093 0.37
K-pa21 0.019 0.047 0.19
J-m 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 squarer; p-value
Model 24.31 22 1.105 658.91 <0.0001
P-W 7.93 1 7.93 4728.68 <0.0001
A-a 5.25 1 5.25 3130.59 <0.0001
N-15 2.51 1 2.51 1496.72 <0.0001
S—<r1 1.57 1 1.57 936.20 <0.0001
R-cy; 0.88 1 0.88 524.75 <0.0001
O-y 0.87 1 0.87 518.78 <0.0001
G-ty 0.75 1 0.75 447.23 <0.0001
D-uy 0.72 1 0.72 429.34 <0.0001
H-t5 0.64 1 0.64 381.63 <0.0001
E-us 0.63 1 0.63 375.67 <0.0001
U-ps 0.51 1 0.51 304.11 <0.0001
V-pr11 0.41 1 0.41 244.48 <0.0001
T-p; 0.38 1 0.38 226.50 <0.0001
M-1 0.27 1 0.27 161.00 <0.0001
L-p4 0.23 1 0.23 137.15 <0.0001
Q-c; 0.18 1 0.18 107.33 <0.0001
C-us 0.15 1 0.15 89.45 <0.0001
F-to 0.14 1 0.14 83.48 <0.0001
B-\ 0.093 1 0.093 55.46 <0.0001
K-po1 0.047 1 0.047 28.03 <0.0001
Jp1 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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Chapter 8 Effects of Model Parameters

Figure 8.6 presents a normal probability plot of the redslaad a plot of
residuals versus fitted values. The first plot tests the gssamof normality and
the latter tests the assumption of constant variance. Blotls pre satisfactory,
indicating that the usual normality assumptions are satigind also lending sup-
port to the adequacy of our model and the suitability of thegraransform.

400 —

400 —

Normal % Probability

Internally Studentized Residuals

-5.00 —

-8.00

o e o e = “ e 000 0.20 040 080 080 100 120 140

Internally Studentized Residuals Predicted

(a) (b)

Figure 8.6: On the left: Normal probability plot of the residuals. On ttight: Plot of
residuals versus predicted.

The most important finding of this experiment is the domiaatmain ef-
fects. Clearly lack of interaction greatly simplifies outarpretations and conclu-
sions. The three most significant main effects in decreawsider are the expected
present valuél” of the first new drug, the annual cesbf employing a senior sci-
entist, and the obsolescence raie Together they account for nearly two-thirds
of the total variability inP7*. The costs of phased and//I clinical trials and
the discount rate also prove to be crucial factors that affect the profitapihit a
project. This confirms our expectation that a discoverygmbyith big potential
reward, low research cost, low cost in clinical trials |dittompetition and small
discount rate would be very profitable.

Thea-W interaction is plotted in Figure 8.7. The plot shows thafipability
is at its highest when the potential rewdid is high and costv is low. It also
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reveals that the effect of the casis more prominent at higher valuesiaf.

Pl

A: alpha

Figure 8.7:a-W interaction plot.

8.2 Effects of Parameters ors*

The responsés*, n*) falls into one of three categoried, n*), (2, n*) and(3, n*).

We are particularly interested i as its value potentially affects the choice of the
optimization procedures we might use. By plotting the othgrlanatory variables
againsts*, we see that there appear to be some obvious relationshipedies*

and some of the explanatory variables. There appear to lainegssociations
betweenus, uy, ts, t4, p ands* (Figure 8.8(a), (b), (d), (e), (h)). The smaller
these variables are, the biggértends to be. On the other hand, higher values of
us, t; and~y appear to be associated with higher values*dfFigure 8.8(c), (f),

(7))-
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(d) t3 (e) ty ) ts
(9) pa (h) p (i) ~

@) (K) p1 n w

Figure 8.8:Plots of 12 explanatory variables against
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Chapter 8 Effects of Model Parameters

Since the response categories are ordered, we fit a cuneulagits model
which accounts for the ordering in the response. Leenote the number of cat-
egories for the respongé. The logits of the cumulative probabilities are defined
as
P(Y <))

logit[P(Y < j)] = Iogmd

=1,...,J—1.

Let x denote the column vector of the explanatory variables. Audative
logit model incorporating explanatory variables has theifo

logit[P(Y < j)] = p1; + B'x, (8.1)

forj =1,...,J — 1, for a column vecto@ of parameters that describes the ef-
fects of the explanatory variables. The model assumes the s#fects3 for each
logit, but different intercepts,;. The expression faP (Y < j) is in a deliberately
simple form. We need to keep in mind that this is actu@l(yy” < j|x), the condi-
tional probability at each fixed value for the explanatorgialales. The expression
for the cumulative probabilities is

1+ exp(,uj + ﬁ X)
For the cell probabilities themselves,
exp(y; + B'X) explij—1 + B'X)

P =j) = L+explu; +B%)  1+exp(u_1+B%)

with g = —oo andpu; = oo.

Maximum-likelihood fitting is used for the cumulative logitodel (8.1) and
iterative methods are used to solve the likelihood equatim obtain the ML es-
timates of the model parameters. Based on the model fit, wearaduct statistical
inference about the significance of model parameters usslyIL estimates. For
testingH,: Sr = 0, we use the Wald statistic defined as = g—kE, which (under
Hy) has an asymptotic chi-square distribution with one degféeeedom, where

SE is the standard error ¢f;.

We first fit an initial model of logitP(s* < 7)], j = 1,2 with all 30 ex-
planatory variables. The maximum-likelihood fit of the iaiimodel suggests that
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variableso, A, uq, t1, P22, P3, Pas V2, C1, C11, Cr11, PI, P11 @Ndp;; are insignificant
(p > 0.05) in explaining the variation irs*. By removing these terms one by
one starting from the one with the biggest p-value, and comgaested models
using the likelihood-ratio test, we come to the refined model

logit[P(s* < j)] = p; — 0.0425uy + 0.0545u5 + 0.0522uy — 0.0913us — 0.3729t,
+0.8083¢5 + 0.3151¢, — 0.6853t5 + 1.7265p; — 2.5603py
+2.211p, — 4.59600; — 12.92417 + 0.0007W, j = 1,2. (8.2)

Table 8.5 shows the maximum-likelihood fit of the refined modlbe effect
estimates reflect the tendency for the cumulative probiglilis* < j) to increase
asus, ug, ts, t4, p1, p, @aNdW increase, and to decreaseu@sus, to, ts, ps, V1, and
~ increase.

To describe the effect of a variable, we comp&* = j) for a particular
j at different values of this variable, such as the minimum arakimum, and
control other variables in the model by setting them at thedan values. We
illustrate this by describing the effect af. By substituting the minimum value
of u, and the mean values of the remaining variables into equéi@), we get
P(s* < 1)=P(s* = 1) = 0.83, and similarly at the maximum value af, we
get P(s* = 1) = 0.65. P(s* = 2) =P(s* < 2)-P(s* = 1) stands a0.15
and 0.3 at the minimum and the maximum values @of respectively. Finally,
P(s* =3) =1— P(s* < 2)increases frond.02 to 0.04 between the minimum
and the maximum values af. 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 Sraportant in
affecting the value of*. In particular, effort allocation in stage 5 has very strong
association with the value af. The probability ofs* = 1 decreases from0% to
50% whenus increases from the minimum éfto the maximum o880, whereas
the probability ofs* = 2 increases dramatically froa¥; to 40%. Figure 8.9 plots
the predicted probabilities of > 1 againstu,, us, vy, andus. We see that the
probability of taking more than one LS is predicted to be grewith 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 stagé&lis= e;(u;)t;
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(- = 1,2,3,4,5). Hence the effort rate and the stage time have similar tsffec
as an increase in eitheror ¢ leads to an increase in the effort rate A big X5
means a large sunk cost in stage 2 which makeg’thef the first LS relatively
small and therefore requires more LS to be optimized to coisgte for the sunk
cost; while smallX; and X, or big X; imply that it takes more effort to produce
a backup CD than to optimize a new LS. This means there is @&higbentive to
optimize more LS than to take more CDs from a particular LS.

The effects ofp, andp, are also straightforward. A high probability of suc-
cess for stagé would motivate more LS being optimized, and this is confirrogd
the doubling ofP(s* = 2) from 0.15 to 0.30 whep, increases from its minimum
to maximum.p, on the other hand, has almost the opposite effegt.t®@(s* = 1)
increases from 0.67 to 0.83 while(s* = 2) drops from 0.29 to 0.15, whep),
changes from its minimum to maximum. This is in line with oxpectation, ag,
is the probability that an LS is good, and therefore a low eaitp, would result
in needing to take more LS.

There are no obvious reasons for the dependengeafi the values of,, p;
andV. We conclude from Table 8.6 that in general the smaller tloétpbility
of a project (i.e., big obsolescence rateor smallp, or V), the more likely it is
to be optimal to take more than one LS. This is also confirmethéylots ofi,,
p; andWW againsts* in (5), (k) and () in Figure 8.8.
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Figure 8.9: Effects of effort allocations.
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Table 8.5:0utput for the cumulative logit model witti as the ordered response.
Variable Coefficient Standard Error Wald z  pr(z|)

L1 3.2660 1.3979 4.01 0.0195
i 5.6976 1.4204 2.34 0.0001
Us -0.0425 0.0148 -2.88  0.0040
U3 0.0545 0.0149 3.66 0.0003
Uy 0.0520 0.0153 3.40 0.0007
us -0.0913 0.0155 -5.88  0.0000
to -0.3729 0.1318 -2.83  0.0047
t3 0.8083 0.1394 5.80 0.0000
ty 0.3151 0.0570 5.53 0.0000
ts -0.6853 0.0979 -7.00  0.0000
1 1.7265 0.6123 2.82 0.0048
D4 -2.5603 0.9030 -2.84  0.0046
Db 2.2110 0.8946 2.47 0.0135
2 -4.5960 1.7096 -2.69  0.0072
y -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 efimodel.
Estimated Probabilities

P(s*=1) P(s* =2) P(s* =3)
min __ 0.83 0.15 0.02
7 max  0.65 0.30 0.04
min __ 0.62 0.33 0.05
= max 085 0.13 0.01
~ min 064 0.31 0.05
"7 max  0.86 0.13 0.01
min __ 0.90 0.09 0.01
= max 053 0.40 0.07
min _ 0.65 0.30 0.05
PL= max 084 0.14 0.02
min 0.84 0.15 0.02
PA= max 065 0.30 0.05
min __ 0.67 0.29 0.04
= max 083 0.15 0.02
min 0.83 0.15 0.02
T max  0.65 0.30 0.05
min _ 0.92 0.075 0.0079
7T max 091 0.076 0.008
q_ min 065 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, coatlyrigky business.
It involves many resources and many decisions. In pharniaeéR&D, as in any
business, the set of available options has diverse riskfretharacteristics. Ob-
viously, a random selection from this set fails to optimize teturn of an R&D
portfolio, and so there is a need to address allocative efffayi issues to optimize
the use of R&D resources. Allocative efficiency is about mazing total output
by choosing from a range of investment options, it seeks tomize the distri-
bution of resources across all available projects to ergnémereturn. Economic
analysis explores these allocative efficiency questionssbynating expected re-
wards and costs and should be integrated into the R&D plgmmiocess.

The premise of this thesis is that we are far from optimizhgyuse of robust
economic modelling and analysis in the earlier phases ahpheeutical R&D and
much more can be done. Modelling early in the drug R&D processprovide
valuable input into project selection and termination diecis. Drug development
is characterized by a highly skewed distribution of retuwngnvestment. Itis a
small proportion of drugs that in effect cross-subsidireshulk of the portfolio.
Early modelling and analysis can inform drug developerstimrethe economic
characteristics of projects in their portfolio are moreelikto resemble those in
the profit-making or loss-making deciles. The amount of nyosgent on the
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entire R&D portfolio can be significantly reduced througle #garly elimination

of unattractive projects and resources saved can be ra@lbto more attractive
projects. Early modelling and analysis is also likely toyide a solid foundation
for communicating product value to external decision-makather downstream,
increasing the likelihood of regulatory approval and conuia success.

This thesis provides detailed modelling of pre-clinicalgarch and contributes
to the task of improving the efficiency of resource allocatibrough better deci-
sion making. The models suggested are designed to evaluditlpility and to
indicate appropriate allocation levels at the differelagsts of a pharmaceutical
research project. With modelling, despite considerabtertainty, expected re-
wards and costs can be estimated. As more data becomesbv#ilase models
can be updated and results re-calculated.

The software OPRRA described here serves as a managemkett &33ist
in finding allocations which are both feasible and profitalienables a planner
to explore the consequences of different possible allooatians in terms of their
overall effort requirements, their profitability, and thearying degrees of risk.
This is done by fairly sophisticated simulation and sewigjtianalysis. It is not a
particularly prescriptive tool, nor indeed a compreheagilanning tool. This is
partly because it does not model the detailed structurefoftefllocation or all
the factors which legitimately influence it, and partly besa profitability tends
not to be very sensitive to moderate changes in allocatiohsourse a model can
only ever be an imperfect representation of reality, so egly good allocations
derived from OPRRA models can only be suggestive. Howewenesmovement
of the resource allocation plan in the direction suggesye@PRRA deserves se-
rious consideration, especially when the apparent scapedeeased profitability
is high.

The models and policies which we have discussed have deratetssome
interesting and insightful results. The adaptive classlqgidficies is able to im-
prove the profitability with respect to the sequence of Chscted and may be
implemented in an adaptive probabilities setting, but dm¢®ptimize effort allo-
cations at each stage. The non-adaptive clags, af) policies on the other hand,
optimizes profitability with respect to the effort allocats at each stage but is
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rather restrictive in its choice of the sequence of CDs andH@vever, it turns
out that the restriction imposed orto be less than or equal 3dn an (s, n) policy
has little impact on profitability. Thés, n) policies in most cases perform as well
as the more flexible FI policies, making it the most comprehanand reliable
optimization procedure.

Interactions appear to be weak between the parameterstherice prof-
itability of a pharmaceutical project, and profitabilityogeedominately determined
by a small number of parameters, such as the value of the éwstdnug, annual
operating cost and obsolescence rates.

Possible Future Work

There are a number of challenges and opportunities thatuasede the scope of
our current effort but are natural extensions for the future

Since in this thesis we assumed constant allocation ovarstage, one possi-
ble extension is to investigate the problem where the nuitsmientists allocated
is allowed to change over time. Some preliminary ideas usaigulus of varia-
tions to find the optimal allocation can be found in Wilder @2pand Hoeschler
(2002).

The FI policies are policies for selecting a sequence of L6@Ds so as to
maximize the PI for a project, for a given set of stage allocet They are based
upon Pls for a new CD from the current LS, for a new LS, and aeefe Pl. The
purpose of the reference Pl is that it works as an approxanati the optimal Pl
for the project, and therefore screens out CDs and LS whielilely to reduce
the overall PI. We would like to be able to carry out similaicaations for IRR ,
but this is less straightforward computationally.

The real options model presented here is simplified in a nurabgvays.
First, the cost of investment, is assumed to be fixed and to be made upfront. In
pharmaceutical R&D, the cost of the investment can be asrtaieas the future
payoff, particularly for lengthy projects. There is uneémty that relates to the
physical difficulty of completing the project. The actualst®and completion
time become apparent as the project proceeds. Costs magdtegor less than
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anticipated if impediments arise or if the work progressestdr than planned,
but the total cost of investment is only known for certain withe project is
complete. Other uncertainties arise when the price of Iglmoaterial, etc. needed
to build a project fluctuate unpredictably, or when governtmegulations change
the cost of investment. Investment is also likely to be mamginuously until the
project is complete, and there is usually a maximum rate attwtie firm can
invest. Hence a useful extension would be to model both tlgefpand the cost
as stochastic processes, incorporating a maximum rateve$timent. Relevant
work concerning uncertain and continuous investment a@stse found in Majd
and Pindyck (1987) and in Pindyck (1993).

Second, only theption to invesis considered. Another possible extension
is to evaluate theption to abandon earlgnd thegrowth options both of which
are valuable in pharmaceutical R&D decision making. Theoopio abandon is
present at every stage of a pharmaceutical R&D project. dften exercised if
the results from the latest development phase do not wacrariinuation. The
valuation of the option to abandon is analogous to a put opfibie impact of this
option is to reduce the overall risk. Growth options refetite unanticipated op-
portunities that arise from investments. It is importaninicude growth options
in the calculation on profitability of the early stage invastts, which enables the
more profitable follow-on investments. Growth options heeasiderable impor-
tance in the context of early-stage pharmaceutical R&D.

As we have already noted, no model is going to be completedy)aate.
However, decision-making with the help of a model is liketyldte better than
without it, whether it leads to faster termination of uneaomic projects or the
allocation of more resources to attractive projects.
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Appendix A

Glossary

e AP = Adaptive Probabilities.

e CD = Candidate Drug.

e Fl = Forwards Induction.

e FP = Fixed Probabilities.

¢ IRR = Internal Rate of Return.

e LS = Lead Series.

e OPRRA = Optimizing Pharmaceutical Research Resource &iiloe.
e PI = Profitability Index.

e WACC = Weighted Average Cost of Capital.
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Appendix B

Calculations of PI(C' D) and
PI(LS) for an FI Policy

In this appendix we show how to calculate the profitabilitder values for an
additional CD and for a new LS in an FI policy as discussed iaptérs 3 (FP
setting) and 5 (AP setting).

Let rcp andcep be the expected reward and expected cost for the next CD,
respectively. We have

PI(CD) = Zg—z

Denote by, the cost of the project to date, made up of the costs of thestag
which have been completed, andgt= co PI(ref), so thatr, is an estimate for
the reward which would on average accrue with an expenditiutg

The PIs which are relevant in determinidy (LS) are listed below. There
are two versions of each of the relevant Pls, one of whichueled the previous
history of the project, and one for which account is takerhefgirevious history.

e PI(a single attempt to optimize an LS with no parallel stage 3).
Call this PILS1 = o The version which allows for previous history is
PJ1 = fotn

co+cy”
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e PI(afurther attempt to optimize an LS with no parallel stagmBowing a
first unsuccessful attempt to optimize an LS together withcasssful stage
3).

Call this PILS2 = 2. Extending our notation in an obvious way, the
version which allows for previous history i3[2 = 70t"2

co+ca”

e PI(a further attempt to optimize an LS with no parallel stagéBowing
a first successful attempt to optimize an LS together withcaessful stage
3).

Call thisPILS3 = 2. P13 = 077

co+cs”

e PI(an attempt to optimize an LS together with stage 3, followgdne
more attempt to optimize an LS if stage 3 succeeds and theaftesnpt
fails).

Call thisPI LS4 = Tt%upsr2  prj — rotr1+¢apsrs
1+ 4P3C2 co+cy+qap3ca

e PI(an attempt to optimize an LS together with stage 3, followgdne
more attempt to optimize an LS if stage 3 succeeds and theaftesnpt
succeeds).

Call this PILS5 = SRS | P55 — fotiitpapars
1+ 4P3C3 co+cy+pap3cs

e PI(an attempt to optimize an LS together with stage 3, followgdne
more attempt to optimize an LS if stage 3 succeeds, and whetmst the

first attempt succeeds).
Call thisPILS6 = 7‘1+Q4P37‘2+p41037‘3 . PI6 = Totritqapsrotpapsrs

¢} +qapscat+papscs” co+c)+qapsca+papscs

The rewards-, r, andrs are rewards for the Pl-maximizing number of CDs
following successful optimization of the corresponding. 0®ie corresponding
costs are;, ¢, (which alone includes the cost of a parallel stage-3andc;.

Condition A:
PI(ref) < PILS6andPI4—PI(ref) > PI1—Pl(ref)—0.1|PI1—PI(ref)|.
Condition B:
Pl(ref) < PILS6 andPI5—PI(ref) > PI1—PI(ref)—0.1|PI1—PI(ref)]|.

If either of conditions A and B holds theRI(LS) = PILS6, otherwise
PI(LS) = PILS1.
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The first part of condition A checks that on average Fl is nohgado leave
the next LS unused. The second part of condition A checksttieaimmediate
relative improvement in Pl abovBI(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 dhvice of
90% is arbitrary. Other percentages less than 100% will §omes do better. The
rationale for condition B is similar, now referring to theustion when the first
attempt to optimize an LS succeeds.

B.1 FP Setting

B.1.1 Calculation of PI(CD)

Define:

e S: the youngest LS from which we will choose the next CD.
e . number of CDs selected from L$so far.
e O: the set of all LS from which CDs have been selected.

e b;: the number of CDs that have been selected from.LS

Thus
rop = 6—71(t+t5+t1+t11+t111)pW H (pbnbi +1 _pb)nm
icO\S

—e ) (e + pre M err + prprre e ), (B.1)

cop = e BIE

B.1.2 Calculation of PI(LS)

The expressions for, ro, 13, ¢1, ¢;, o, @ndcs are as follows.
1
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k*
o= ps [6—71(t+t4+t1+t11+t111)pW H(pbﬁbi +1— pb) Z(ne—’ntzs)m—l
€0 m=1
—e () (cr +pre e + prprre Y +t”)0111)} ; (B.2)
k:*
g = e M"K, +p4€—v(t+t4) Z(e_%s)m_lK&
m=1
k*
¢, = e (K3 + Ky) + pye ) Z(e_y%)m_l[(&
m=1
k*
re = pa [e—’h(t+2t4+t1+t11+t111)pW H(anbi +1—pp) Z(ne—’nts)m—l
1€0 m=1
—e 2 (ep + pre ey + prprre” " ep)] (B.3)
k*
cy = 6—7(t+t4)K4 + p46—'y(t+2t4) Z(G_ws)m_lKE"
m=1

rs = pa [6—71(t+t4+Pt4+(k*—1)t5+t1+t11+t111)pW H(pbﬁbi +1—p) (pbnk* +1—pp) ¥

€O
k*
Z(ne_'hts)m—l _ 6—V(t+t4+pt4+(k*—1)t5)(CI + pre ey, +p1pne—”(t1+t”)cjn)], (B.4)
m=1
k*
c3 = 6—'y(t+t4+(k*—l)t5)K4 + p46—’y(t+t4+pt4+(k*—l)t5) Z(e—'yts)m—le’
m=1

where andk* is the Pl-maximizing number of CDs to be selected from the new
LS, andk* is the PI-maximizing number of CDs for the preceding sudcilys
optimized LS.
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B.2 AP Setting

B.2.1 Calculation of PI(CD)

Tep = IaxXTi;cp = Ti*CD, where (BS)
1
riop = 6—71 (t+t5+t1+t11+t111)E'[ph_pllip[[”)\m-i-m-i-za])\Z4W _ 6—7(t+t5) (CI
+E[pnle " err + Elpr) Elprule ey ),
cop = e—'y(t+t5)K5_

The evaluation o [pr;prriprrA* T727#3] is given in section 5.3.

B.2.2 Calculation of PI(LS)

The expressions for, ro, 3, ¢1, c’l, ¢, andcz in the adaptive probabilities setting
are as follows. Note that because we are trying to optimizevalrs, there is no
update on the success probabilities in clinical trials fattLS yet, hence their
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prior expectationsn;, m;; andm;;; are used in the calculations.

T =

Cop =

k*
E[p4] (e—“ﬂ (t+t4+t1+t11+t111)E[mlmHmIH)\21+22+zs])\z4W Z E[}\Z;";Ol Qj] (6—71t5)m—1

m=1
_e—v(t+t4)(cl + mje—vtICH + mlmlle—'y(tj-i-tn)clll))
(Qj ~ Ber(m[mI[m[[[),j = 1, 2, Ce Q(] = 0. )
E[p4] (e_'Yl (t+t4+t1+t11+t111)E[mlmHmIH)\m-i-zz-i-za])\Z4W %
k*

Z ((]. - (]. - )\)mImHmIH)e_““)m_l — 6_7(t+t4)(cl + mje—’YtICII

m=1

+m1m11€_7(t1+t”)0111)) ) (B.6)
k*
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m=1
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Appendix C

Simulation Algorithms

This appendix gives the simulation algorithms used to igate the probabil-
ity distributions of rewards, costs and profitability ineécfor the(s,n) and FI
policies discussed in section 4.5.

C.1 Notation

e f: counter for the number of successfully optimized LS.
e g: counter for the number of optimization attempts.

e k;: the required number of CDs to be taken from tteoptimized LS in an
(s,n) policy.

b;: counter for the number of CDs found in tit& optimized LS.

a;: counter for the number of successful CDs from #fieoptimized LS.

t : time taken so far.

R: total reward so far.

K : total cost so far.
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e X: indicator for whether a target is attainabl®. = 1 means the target is
attainable;X = 0 otherwise.

Y: indicator for whether an LS is goodY” = 1 means the LS is good;
Y = 0 otherwise.

7. indicator for whether a CD is successful/ = 1 means the CD is
successfulZ = 0 otherwise.

L: indicator for whether this is the last LS to be optimizéd = 1 means
it is the last LS to be optimized; = 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 daial trails, we
simulate whether the target is attainable by randomly geimgy the indi-
cator X, P(X = 1) = p,. An unattainable target indicates that none of
the CDs from the project would be successful in passing phakelinical
trials and become a marketable drug.

2. Ifthis is the first CD from some LS and the target is attaiealve simulate
whether this LS is good by generating the indicatorP(Y = 1) = p,.
A bad LS indicates that none of the CDs from that LS will pasaggti//
clinical trails and become marketable.

3. IfaCDis from a good LS and the target is attainable, we Rtewhether
this CD will be successful by generating the indicathrP(Z = 1) =
pe. Thus with probabilityp. 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 tigettés
attainable. In this case we add the net reward(+tr+ti+tin) \XS Ly aipy —

e (e 4+ e e+ e Wttie ) to R.

4. For a CD which is not successful, we determine the phasaiahviailure
occurs by assuming that it occurs at phdse/, or /11 with probabili-
tiesqr/Q, prqrr/Q andprpriqrir/Q, respectively, wher€) = 1 — p.pyp..
These outcomes lead to reductions in the total revidofle ="' c;, e (c; +
e ) ande ™ (c; + e ey + eV Wttin e ), respectively. This is as-
suming that the phase at which failure occurs is indepenaferhether it
is due to an unattainable target, an attainable target batld_B, or an at-
tainable target and a good LS but a defective CD, and alsgermt&ent 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 probabilities;, p;;; andp;;;; for clinical trials are different
for different LS. Their posterior expectatiodp;;|, E[p;r;| and E[p;r]
are updated using Bayes theorem whenever new informatmones avail-
able.

2. A CD from LSi has probabilityZ[p;;] of passing phasétrial, and whether
it succeeds or not there is a reductioreofic; from the total rewardr. If
it proceeds to phask trial there is another reduction ef **+t0)¢;; from
the total reward and it will pass phagé trial with probability E[p;;]. If
again it passes through phaketrial and proceed to phadd /, there will
be a further reduction of ¢+t ¢, from the total rewardr, and it
will pass phasd /1 trial with probability E{p;;;]. If the CD passes phase
I1T trial a net reward of—:(t+t+t+tn \S w17 s added taR.

3. The successes and failures of each CD at each phase ardegkcd his
information will affect not only the success probabilities CDs from the
current LS, but also the success probabilities for CDs frémeroLS as well.
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C.3 Pseudocode

The pseudocode described in this section is a compact aheléugl description
of the C++ simulation algorithms used in OPRRA intended faman reading. It
omits details that are not essential for human understgrafitne algorithm, such
as variable declarations, system-specific code and subesutSome necessary
explanations are given below the code, which are in italckstart with #.

C.3.1 (s,n) Simulation

Step 1 Setf, g,t,bs,ar, R, K,d andv to 0.

# This is to initialize all parameter values t

Step 2 Increasek by K, t by t;.

With probability:

p1, go to step 3;

¢1, Stop and outpuR and K.

# Stagel is certain to happen, so there are always cost spent and tkent whether
we succeed or not. If stagesucceeds, we will go to the next steps. If stadails, the
simulation stops. Whenever a realization is complete, aggahd output the values of the
total reward R and total costk'.

Step 3 Increasek by K, t by t5, and with probability :

P21, §O to step 4,

P22, O to step 7,

¢, Stop and outpuR and K.

Step 4 Checkf = 07?

If f =0, gotostepb5;

Else go to step 6.

# This is to check whether an LS has been optimized previdiiihere has been previous
success in optimizing an LS, the time taken for stages 3 arilll dew 4.

Step & Increasg by 1, and checly = n?

If g =n,increasel by e Ky, t byt,, go to step 8;

Else increasé by e " (K3 + K,), t by ¢4, go to step 10.

#Wheng = n, it means it is the last attempt to optimize an LS, so stagél be carried
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out alone. Otherwise, stag8sand4 will be carried out in parallel

Step 6 Increasegy by 1, and checly = n?

If g =n,increasek by e " Ky, t by pt,, go to step 8;

Else increasé by e (K3, + Ky,), t by pt4, go to step 10.

Step 7. Increasgy by 1, K by e " K, t by t4, and checky = n?

If ¢ =n, go to step 8;

Else go to step 9.

# We only come to this step if two LS are found in stageo that stage is not carried
out in parallel at the first attempt to optimize an.LS

Step 8 With probability:

p4, InCcreasef by 1, by by 1, setL = 1, go to step 15;

q4, Stop and outpuR and K.

# This is when it comes to the last attempt to optimize an LSsifhelation ends if the
last attempt fails.

Step 9 With probability :

p4, inCreasef by 1,b, by 1, go to step 11,

44, go to step 5.

# We only come to this step from step 7, and we only go to step 17 twleel S were found
in stage2. If we succeed in optimizing a new LS, we send the first CDnaalitrials and
select more backup CDs from this LS. After finding the reduimember of backup CDs,
we will return to optimize another LS. If we fail, we go baclstep 5 directly to optimize
another LS

Step 10 With probability:

pspa, iINnCreasef by 1,b; by 1, go to step 11;

p3q4, O back to step 4;

q3pa4, increasef by 1,b, by 1, setL = 1, go to step 15;

¢34, Stop and outpukz and K.

# When stage8 and 4 are carried out in parallel there could be 4 possible outceme
Outcome 1, both stag&sand4 are successful. The first CD will be sent to clinical trials
and more backup CDs will be searched for from that LS. Themalrig&will be attempted
when enough backup CDs from the current LS are found.

Outcome 2, stag@ is successful but stagefails. Attempt to optimize another LS.
Outcome 3, staga fails but staget succeeds. The required number of total CDs will be
taken from that LS but no more attempt to optimize any furtiser
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Outcome 4, both stagg&sand4 fail. Simulation terminates

Step 11 Checkf = s?

If f=s,setlL =1, gotostep 15;

Else go to step 15 directly.

Step 12 CheckL =17

If L =1, goto step 13;

Else go to step 14.

Step 13 Checkb; = k;?

If by = ky, stop and outpukz and K.

Else increasé; by 1, K by e K, t by t5, and go to step 21.

Step 14 Checkby = k?

If by = k¢, go to step 6;

Else increasé; by 1, K by e K, 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, SELX =1, go to step 18;

1 — pq, 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 prbjeii be successful
Step 18 With probability:

Dy, SEY =1, go to step 19.

1 — py, S€tY = 0, go to step 20.

Step 19 Increase by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poigé,At), N from PoigépAt), and N¢ from PoigécAt).
Let W = W(1 — fa)™ (1 — f5)"=(1 - fo)e.

With probability:

D, increaser by e~ (Htr+tir+tn) AL G —e " (cpte e teT i e,
ar by 1, goto step 12;

1 — p., go to step 20.

# Types A, B, and C obsolescence events each follow a Poissoesgrwith arrival rates
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&a, Ep and &q, respectively. We generate the number of obsolescencéséVgn Np
and N¢ for each type happened during the time interd&l Therefore the value d¥ is
reduced toV (1 — f4)N4(1 — fg)VB(1 — fo)Ne .

Step 20 With probability:

q1/Q, increaseR by e ¢y, go to step 12;

p1qrr/Q, increaseR by e~ (c; + e "1 ¢r), go to step 12;

pro1rqirr/ @, increaseR by e (¢ + e e + eVttt e ), go to step 12.
Step 21 CheckX =0orY =0?

If X =0o0rY =0, go to step 20;

Else go to step 19.

# When the target is unattainable or the LS is bad, none of thectssl CDs will be
successful

C.3.2 FI Simulation in FP Setting

Step 1 Setf,t,bs,ar, R, K,d andv to 0.
Step 2 Increasel by K1, t by t;.
With probability:
p1, 9O to step 3,
q1, Stop and outpuR and K.
Step 3 Increasek by e ' K,, t by t,.
With probability:
P21, gO to step 5,
P22, §O to step 4,
g2, Stop and outpuR and K.
Step 4 Increase by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poig{4At), N from PoigépAt), and N¢ from PoigécAt).
LetW =W (1 — fa)M(1 — fz)Vs(1 — fo)Ne.
CalculatePI(LS) and its corresponding®.
If PI(LS) > PI(ref),
IncreaseX by e " Ky, t by t4, and with probability:
p4, Increasef by 1,b; by 1, setL = 0, go to step 9,
q4, 9O to step 5.
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If PI(LS) < PI(ref), stop and outpuR and K.
# k* is the Pl-maximizing number of CDs to be selected from thé In®xf it is suc-
cessfully optimized, as described on page 130. When weipptaamew LS we need to
compare its PI with the reference PI, and the attempt to apgnthe LS is only made if
the PI for the new LS is greater than the reference PI.
Step 5 Increase by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poig{,At), N from PoigépAt), and N¢ from PoigécAt).
Let W = W(1L — fa)™ (1 - f5)"=(1 - fo)¥e.
CalculateP(LS) and its corresponding’.
If PI(LS) > Pl(ref),

If condition A or B holds, go to step 8; Else go to step 7.
If PI(LS) < PI(ref), stop and outpuR and K.
#Whenever we calculatel(LS) or PI(C' D) we need to calculaté/ first. For detailed
calculations ofPI(LS) and PI(C D), and explanations for conditiond and B refer to
Appendix B
Step 6 Increase by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poig{,At), N from PoigépAt), and N¢ from PoigécAt).
LetW =W (1 — fa)V(1 — fz)Ve(1 — fo)Ne.
CalculatePI(LS), its corresponding* and PI(C D).
If PI(LS) > max PI(CD),Pl(ref)),

if either conditionA or B holds, go to step 8; Else go to step 7.
If PI(CD)> maxPI(LS),PI(ref)),goto step 17.
If PI(ref) > maxPI(CD),PI(LS)), stop and outpufz and K.
# This is the point at which we need to decide whether to takedditianal CD, to opti-
mize a new LS, or to stop. If the decision is to take a new LS ge@ to decide whether
to do stage 3 alongside stage 4 depending on whether conditior B holds. If the
decision is to take an additional CD, we will take that CD anill veturn to this step
afterwards.
Step 7. If f =0, increasek by e "' Ky, t by t4.
Else increasél by e " K,,, t by pt,.
With probability:
p4, InCreasef by 1,b; by 1, setL =1, goto step 9,
qs, Stop and outpuR and K.
Step 8 If f =0, increasek by e " (K3 + K4), t by t,.
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Else increasés by e " (K, + Ky,), t by pt,.

With probability:

pspa, iNCreasef by 1,b; by 1, setl = 0, go to step 9,

P34, 9O to step 5,

qs3p4, increasef by 1,b; by 1, setL =1, goto step 9,

¢3q4, Stop and outpukz and K.

Step 9 Checkf =17

If f =1, go to step 10.

Else go to step 11.

Step 10 With probability:

Pa, SELX =1, goto 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:

Dy, SEY =1, go to step 13,

1 — py, SetY = 0, go to step 14.

Step 13 Increase by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].

GenerateV, from Poigé,At), N from PoigépAt), and N¢ from PoigécAt).

Let W =W (1 — fa)¥ (1 — f5)"2 (1 — fe)™e.

With probability:

Pe, INCreaseR by e+ttt \SLy ey o=t (¢; e eyttt o pp ),
ay by 1, goto step 15,

1 — p., go to step 14.

Step 14 With probability:

q1/Q, increaseR by e ¢y,

prqrr/Q, increasek by e (c; + e ery),

pipiqrr/Q, increaseR by e (¢; + e ey + et ),

Go to step 15.

Step 15.

If L =0,
if by < k*, increasel by e " K5, t by ts, by by 1, go to step 16.
Else go to step 6.
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If L =1,
If by < k*, increase by e” " K, t by t5, by by 1, go to step 16.
Else increase by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poig{4At), N from PoigépAt), andN¢
from Poi¢cAt). LetW = W (1 — fa)V4(1 — f)Ve(1 — fo)Ne.
CalculatePI(CD),if PI(CD) > PI(ref), goto step 17; Else stop
and outputk? and K.
# If the current LS is the last LS to be optimized, we will degithether to take an addi-
tional CD or to stop after taking the optimal numbier CDs from this LS. If the PI for an
additional CD is still greater than the reference PI, we tdkat CD, otherwise we stop
Step 16.1f X =0orY =0, go to step 14.
Else go to step 13.
Step 17.Increasek by e "' K5, t by ts, b; by 1, go to step 16.

C.3.3 FI Simulation in AP Setting

Step 1 Setf,t,bs,ar, R, K,d andv to 0.
Step 2 Increasel by K, t by t;.
With probability:
p1, 9O to step 3,
¢1, Stop and outpuR and K.
Step 3 Increasel by e " Ky, t by t,.
With probability:
po1, QO tO Step 5,
P22, 9O to step 4,
¢2, Stop and outpuR and K.
Step 4 Letp, = my.
Increasey by 1. Letd [v] =t, andAt =d [v] —d [v — 1].
GenerateV, from Poigé,At), N from PoigépAt), and N¢ from PoigécAt).
Let W = W(1 — fa)™ (1 — f5)¥=(1 - fo)¥e.
CalculateP(LS) and its corresponding’.
If PI(LS) > PI(ref),
increasek by e "' K,, t by t,, and with probability:
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p4, InCreasef by 1,b; by 1, setL = 0, go to step 9,

q4, 9O to step 5.
If PI(LS) < PI(ref), stop and outpuR and K.
# This is the first attempt to optimize an LS, so we use the pxpe&ationm, as the
success probability for stage 4 since there is no Bayesiaiatgpyet
Step b If n3 =0, letps = mg3. If ny =0, letpy = my;
Else calculatd’[p;] and E[p,] and letps = Elps], ps = E|[pa].
Increasey by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poig{4At), N from PoigépAt), and N¢ from PoigécAt).
LetW =W (1 — fa)M(1 — fz)Vs(1 — fo)Ne.
CalculatePI(LS) and its corresponding®.
If PI(LS) > PI(ref),

if condition A or B holds, go to step 8; Else go to step 7.
If PI(LS) < PI(ref), stop and outpuR and K.
# If there is no update on the success probabilities for st&yand 4 yet, their prior ex-
pectationsmg andmy are used. Otherwise their posterior expectatidiies] and E[p4]
are used.
Step 6 CalculateE[ps] and E[p,] and letps = E[ps], pa = E[p4]. Calculate
Elpr), Elprri), Elprrn) fori = 1,2,... f. Increasev by 1. Letd [v] = ¢, and
At=dv] —d[v—-1].
GenerateV, from Poig€4At), N from PoigépAt), and N¢ from PoigécAt).
LetW =W (1 — fa)V(1 — fp)Ve(1 — fo)Ne.
CalculatePI(LS), its corresponding*, PI1(C D) and letc = i*.
If PI(LS) > max PI(CD),Pl(ref)),

if either conditionA or B holds, go to step 8; Else go to step 7.
If PI(CD) > maxPI(LS),PI(ref)), letp; = Elpr), pir = El[prs.] and
prir = Elprirc], go to step 13.
If PI(ref)> maxPI(CD),PI(LS)), stop and outpufz and K.
# For the estimations oFps|, Elp4], E[pr], Elprri], and Elprrr;] refer to section 5.1.
For the calculations ofPI(LS) and PI(C D) refer to appendix B.2PI(CD) is the Pl
for an additional CD from LS$*, 1 < ¢* < f, which gives the highest PI
Step 7. If f =0, increasek by e "' Ky, t by t4.
Else increasél by e " K, t by pts.
Increasen, by 1, with probability:
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p4, InCreasef by 1,b; by 1, setc = f, L =1,
calculateE(pr.], Elpric|, Elpirie| and letpr = Elpyc], pir = Elprre) andprr =
Elp1r1c], goto step 9,
q4, Stop and outpuR and K.
Step 8 If f =0, increasek by e (K3 + Ky), t by t,.
Else increasés by e " (K, + Ky,), t by pt,.
Increasens by 1, andn, by 1, with probability:
pspa, increasef by 1,b; by 1, setc = f, L = 0, calculateE [pr.], Elpircl, Elpiiic]
and letp; = Elpicl, prr = Elprrc) andprrr = Elpriic], 9o to step 9,
P3q4, 9O to step 5,
qsp4, increasef by 1,0, by 1, setc = f, L = 1, calculateE p;.|, Eprrc|, Elpriic]
and letp; = Elpicl, prr = Elprrc) andpyrr = Elpriic], 9o to step 9,
¢3q4, Stop and outpuR and K.
Step Q IncreaseR by —e "¢y, with probability:
pr, 9o to step 10;
qr, got to step 12.
Step 10 IncreaseR by —e™ 7+t ¢, ;. with probability:
prr, go to step 11,
qr1, got to step 12.
Step 1lincrease by 1. Letd [v] = ¢, andAt =d [v] —d [v — 1].
GenerateV, from Poig{4At), N from PoigépAt), and N¢ from PoigécAt).
LetW =W (1 — fa)V(1 — fp)Ve(1 — fo)Ne.
Increaser by —e ¢+ttt e, with probability:
prir, increase R byttt \SLy a7 g, by 1, go to step 12;
qrr1, 9ot to step 12.
Step 12.
If L =0,
if by < k*, increase by e " K3, t by ts, by by 1, go to step 9.
Else go to step 6.
If L =1,
If by < k*, increasel by e K5, t by t5, by by 1, go to step 9.
Else increase by 1. Letd [v] =t, andAt =d [v] —d [v — 1].
GeneratéV, from Poig{ 4 At), N from PoigésAt), andN from Poigéc At).
LetW =W (1 — fa)¥4(1 — f5)Ve(1 — fo)Ne. CalculatePI(C'D),
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if PI(CD) > PlI(ref), goto step 13; Else stop and outgiiand .
Step 13.Increasek by e "' K5, t by ts, b, by 1, go to step 9.
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Bellman Equation

This appendix discusses the equality condition used talzt the option value
in chapter 6. It is based on Dixit and Pindyck (1994, chap}er 4

A Bellman equation is a necessary condition for optimalggaciated with
dynamic programming. It writes the value of a decision peabht a certain point
in time as the sum of the payoff from the initial choice and dpéimal value of
the remaining decision problem that results from the ihdieice. This breaks a
dynamic optimization problem into simpler subproblems.

D.1 Discrete Time

Let the state at time be x;. At time ¢ a choice of actions is available to the
firm. We denote the action chosen by The set of available actions depends on
x¢. The state and control at timen turn affect the firm’s immediate profit flow,
which we denote byt (z;, u;). The discount factor between any two periods is
1/(1 + ), wherev is the discount rate.

Denote byF;(x,) the expected net present value of all the firm’s cash flowisen
the firm makes all decisions optimally from this point onwardVhen the firm
chooses the control variablg, it gets an immediate profit flow, (x;, u;). At the
next period + 1, the state will ber,, ;, and optimal decisions thereafter will yield
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Fyi1(x4q). This is random from the perspective of perigdso we must take
its expected valué’;|F;,,(x41)]. Discounting back to period the sum of the
immediate payoff and the continuation value is

1
L+~

(e, up) + Ey[Frp1(me4)]-

The Bellman’s principle of optimality stategn optimal policy has the property
that, whatever the initial action, the remaining choicesstitute an optimal pol-
icy with respect to the subproblem starting at the state thsitilts from the initial
actions Here the optimality of the remaining choices 1, u;,2,. .., IS subsumed
into the continuation valué;[F;,(x;1)], SO only the immediate contral, re-
mains to be chosen optimally. Thus

Fy(a2) = max{m (22, us) + %Et[Fm(xm)]}. (D.1)
ut + 7y

Equation (D.1) is called th&ellman equationor thefundamental equation of

optimality. To reiterate, the first term on the right-side is the immed@ofit,

the second term constitutes the continuation value, andghiemum action this

period is the one that maximizes the sum of these two compisnen

In the setting of an infinite horizon, the value functibiizx;) is common to all
periods, although it will be evaluated at different pointsThe Bellman equation
for anyt becomes

1
1+~

F(zy) = I%%X{Wt(xtv ug) + Ey[F(z41)]}-

Sincez, andz,,; could be any of the possible states, we write them in general
form asz andz . Then for allz, we have

P(x) = max{(e,u) + %E[F(xl)\x,u]}, (D.2)

where we have now denoted the expectation as conditionetieokrnowledge
of the current period’ss and«. This is the Bellman equation for the recursive
dynamic programming problem.

148



Appendix D Bellman Equation

D.2 Continuous Time

Suppose now each time period is of length. Ultimately we are interested in
the limit whereAt goes to zero and time is continuous. We writer, u, t) for
the rate of the profit flow, so that the actual profit over theetiperiod of length
At is m(z,u, t)At. Similarly, lety be the discount rate per unit time, so the total
discounting over an interval of lengtht is by the factorl /(1 + yAt).

The Bellman equation (D.2) now becomes

1

1 +7AtE[F(x Jt+ At) |z, ul )

F(z,t) = max{n(z,u,t)At +

Multiply by (1 + vAt) and rearrange to write

YAtF(z,t) = max{m(z,u,t)At(1 +yAt) + E[F(z',t + At) — F(x,1)]}

u

= max{m(x,u,t)At(1 +vyAt) + E[AF]}.

u

Dividing by At and letting it go to zero, we get

yF(z,t) = max{nm(z,u,t) + %E[dF]}, (D.3)
where(1/dt)E[dF] is the limit of E[AF]|/At. This is the Bellman equation for
continuous time.

On the right left side of equation (D.3) we have the normalnrefper unit
time that a decision maker, usingas the discount rate, would require for holding
the asset. On the right side, the first term is the immediayeyteor dividend
from the asset, while the second term is its expected ratepfat gain. Thus the
right side is the expected total return per unit time fromdimgy the asset. The
maximization with respect ta means that the current operation of the asset is
being managed optimally, bearing in mind not only the imragglpayout but also
the consequences for future values.
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Appendix E

It ©’'s Formula

This appendix is referred in the calculation of the stodhadifferential dF' in

equation (6.6) in chapter 6. It is based on @ksendal (20CGihten 4).

Theorem ( The 1-dimensional It formula ).
Let X; be an Ib process given by

dX; = udt + vdz.

Let f(x,t) be twice continuously differentiable ¢ o) x R).
The 1D formula gives

0 0 102
(X t) = L, nar+ 2L x, nax, + 120 v naxyy, €
ot ox 20z
where(dX;)? = (dX;) - (dX;) is computed according to the rules
dt-dt =dt-dzy = dz -dt =0, dz - dz = dt. (E.2)
Sketch of proofUsing Taylor’'s theorem we get
F(Xi ) = f(Xo,0 +ZAf - F(Xo,0 +Z At +Z
1 — 02 f O f
T2 g8 Z X+ 53 GrA) +ZR”
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Appendix E Itd’s Formula

where%, 2! etc. are evaluated at the poiris;, t;), At; = ;o — t;, AX; =
Xy th,Af(Xg,tg) FXy tin) = f(X, t5) andR; = o(|At; [P+ AXG[?)
for all 5.

If At; — 0, then

of «, af
8tAt N (X,,t;)A / N (X5, 8)d

of o of Lof
S AX; = zj_:%(xj,@mxj %/O E(X

Moreover, since: andv are elementary we get

o 0
a—xJ;(AXj)Z = 6—;; ’ * 4 QZ —uv (815)(A2)
j J
0% f
+ Z 522" v? - (Az)?. (E.3)

The first two terms here in equation (E.3) tendt@asA¢; — 0. We claim the last
term tends to

82f 2d$

N asAt; — 0.
X

To prove this, puti(t) = a—z{(Xt, t)v* anda; = a(t;) and consider

E [( Z a;(Az;)? Z a;At;) } Z Ela;a;((Az)? — At)((Az)* — At)].  (E.4)

j
If i # jthen((Az;)* — At;) and(Az;)? — At; are independent so the correspond-
ing terms in equation (E.4) vanish in this case. So we areigffit

ZE ((Az;)? ZE E[(Azj)* —2(Az)2At; + (At;)?]

—ZE —2(At;)* + (At)?) =2 Eld]]
J
— 0 asAt; — 0.
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In other words, we have established that
t
Zaj(Azj)z — / a(s)ds asAt; — 0,
- 0
J

and this is often expressed by the striking formula
(dz)? = dt. (E.5)

The argument above also proves that?;, — 0 asAt; — 0. That completes the
proof of the 1td formula. 0J
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Appendix F

Root Finding Techniques

This appendix describes the two standard root finding tegles mentioned in
this thesis. The Newton-Raphson method is used to find themapPI| and IRR
with respect to allocation variables (section 4.3.3). Tisedtion method is used to
calculate the parameter values of a beta distribution giwerguantile conditions
(section 5.2).

F.1 Newton-Raphson Method

Perhaps the most celebrated of all one-dimensional rodinfinroutines is the
Newton-Raphson method. This method requires the evatuafiboth the func-
tion f(z) and the derivative’(x), at arbitrary pointse. The Newton-Raphson
formula consists geometrically of extending the tangerd At a current point;
until it crosses zero, then setting the next guess to the abscissa of that zero
crossing. Algebraically, the method derives from the Tagkries expansion of a
function f(x) at some point,,

(v — 20)?

21" @) + ol — o).

fl@) = f(z) + (z = z0) f'(x) +
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Appendix F Root Finding Techniques

Setting the quadratic and higher terms to zero and solvimtiriear approximation
of f(x) = 0 for z gives

~ f(®o)
G

Subsequent iterations are defined in a similar manner as

1 =T

T )
the process is repeated until a sufficiently accurate valuesached.

Next we consider the algorithm’s rate of convergence. Wighémall distance
e of z, the function and its derivative are approximately
ftd = f@)+ Paer I ey F2)
fllete) = flla)+ f@)e+....

By the Newton-Raphson formula,

f(z:)
f(@)’ (F3)

Li41 = T —

so that

f(x)

€it1 = € — f’(x)
K3

When a trial solution; differs from the true root by; , we can use (F.2) to express
f(z:), f'(x;) in (F.3) in terms of; and derivatives at the root itself. The result is
a recurrence relation for the deviations of the trial solusi

"
€1 = —€ 2f f’<(a;>) (F.4)
Equation (F.4) says that Newton-Raphson converges quealhat Near a root,
the number of significant digits approximately doubles veéith step. This very
strong convergence property makes Newton-Raphson theochethchoice for
any function whose derivative can be evaluated efficieathyl 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 minionumax-
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-Rapimsethod to the
derivativef’(x). The iteration becomes:

Tpy1 = T — ;,,((Zné . (F5)

F.2 Bisection Method

The bisection method is a root-finding method which repédptadects an interval
then selects a subinterval in which a root must lie for furfirecessing. 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 funcfionust have at least
one root in the intervala,b]. The method now divides the interval in two by
computing the midpoint = (a + b)/2. Evaluatef(c) and examine its sign.
Unlessc is itself a root, there are now two possibilities.fifa) f(¢c) > 0 replace

a by ¢; otherwise iff(b) f(c¢) > 0 replaceb by c. After each iteration the interval
containing the root decreases by a factor of two. We contimié we have a
bracket sufficiently small. If aftern iterations the root is known to be within
an interval of size,,, then after the next iteration it will be bracketed within an
interval of size

€nt1 = €n/2.

Thus, we know in advance the number of iterations requiresictoeve a given
tolerance in the solution,

€0
n = log,—,
€

whereeq = b — a is the size of the initial interval andis 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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