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Abstract of Praxis

Identifying Areas of Competitive Advantage: Developing a Predictive Tool to
Determine New Drug Approval Success

Healthcare costs are at an all-time high and there is no sign of ever relinquishing its
upward trend or being controlled at the current level. The high cost of healthcare is partly
attributed to the high cost of medicine. Research and development (R&D) costs have
been identified as a contributor to the high cost of medicine. Prior to the enactment of the
Hatch-Waxman Act in 1984, brand drugs, which are the first innovative drugs on the
market, was dominating the market and was difficult for generic drugs to compete with.
The Hatch-Waxman Act was passed to ensure a flat level playground for both brand
drugs and generics drugs. Currently, generic drugs have outperformed brand drugs in
areas including high approval, and low prices. Given that the generic drug business is
more lucrative now than brand drugs, many of the drug manufacturing companies who
concentrated on drug discovery of innovative drugs are now producing generic drugs.
This has resulted in low drug discovery and low return on investment for brand drugs. In
recent years, research and development costs have skyrocketed, and it takes many years
(up to 15) for new drugs to reach the approval stage which, in turn, results in a high delay
time for other unmet medical needs to be on the radar for research activities to begin.

This praxis aims to identify areas of competitive advantages for brand drugs and
develop a predictive model to determine drug approval success during the clinical trial
phase. First, areas of competitive advantages are identified through literature review and
validated through drug utilization data. The prediction method was developed through

statistical analysis tools including sample t-test, Wilcoxon test, and logistic regression

Vi



analysis. Independent variables found to be statistically significant was used to develop a
probability predictive tool for individual drugs to predict drug approval success. The
model was validated using clinical trial data to demonstrate the application of results
obtained. The proposed methods can provide information for the pharmaceutical industry
to predict drug approval status early in the development process in order to make a

risk-based decision on a new drug candidate’s path forward.
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Chapter 1. Introduction

1.1  Background

The current drug discovery process involves the screening of approximately 5,000
compounds following identification, validation, and optimization of the target molecule
(Hughes, Rees, Kalindjian, and Philpott, 2011). The target molecule further undergoes
clinical trials, regulatory approval and commercialization to generate revenue to recoup
invested assets. After the molecule has been identified and validated, most drug
innovators would file for a patent in order to protect their intellectual property to have the
sole authority to develop and commercialize the new molecular entity. Upon approval,
the new drug is allotted a time period called Market Exclusivity Period (MEP) to protect
the intellectual rights of the inventor and also to allow Research and Development (R&D)
investment to be recouped (FDA-CDER, 2015). Depending on the type of drug (more
data might be needed for certain drugs than for others prior to approval) and the R&D
duration (10 to 15 years), the cost of new drug discovery and approval can cost up to $5.5
billion (Winegarden, 2014). During the MEP duration, new innovative drugs (brand-
name) do not experience competition from other drugs of equivalent function until after
the MEP duration when similar drugs (generic) of the same function are approved to be

commercialized.

Although between the years 1950 to 2008, the FDA approved about 1,222 new
molecular entities (NME’s) or new biologics with a corresponding increase in research
and development investment up to US$50 billion per year, the number of approvals per

year has not changed in 50 years (Winegarden, 2014).



Most new drugs lose about 11% to 16% return on investment (ROI) in the first year
after the MEP duration and continue to lose market share up to 85% as time progresses
(Grabowski, 2013). As typical to most innovation processes, including invention in the
pharmaceutical industry, the ease to recoup research and development (R&D) investment
directly depends on how factors including start-up cost, speed to market, scale or time to
volume and support cost (4S factors) are controlled prior to commercialization (Sirkin &
Andrew, 2006). These factors suggest that irrespective of the industry size (big or small
pharma), market machinery (supply chain strategy) and how the 4S factors are controlled
during the R&D phase, most new products in the pharmaceutical industry struggle during
its first few years to adapt to the market. Although all these constraints might lead to the
inability to financially payback initial investments before the end of the MEP period, the
pharmaceutical industry is in a state of constant pressure by investors to pay back

resources invested in the earliest time possible.

All these limitations do not provide the necessary incentives for brand-name drug
inventors to consistently innovate, knowing very well that they may not be able to
recover all the investment put into R&D and prelaunch costs prior to the entry of generic
drugs on the market. Instead, most innovative drug makers have entered into the generic
drug manufacturing business which requires less investment and fewer regulatory

requirements and, in so doing, have reduced the influx of new innovative drugs.

1.2 Problem Statement
The rate of discovery of new approved innovative drugs remains below 10% while
the costs of research and development have skyrocketed. Given that the rate of generic

drug approval has increased astronomically since the enactment of the Hatch-Waxman



Act by the US House of representatives in 1984 to encourage generic competition. More
and more pharmaceutical companies have diverted their attention to generic drug
manufacturing instead of investing in research and development to discover new
innovative drugs. This has led to intense competition between generic drugs and
innovative drugs (brand drugs), with generic drugs outcompeting brand drugs. The
dominance of generic drugs has brought significant advantages, such as the availability of
drugs at discounted prices, however, given that the rate of discovery of new drugs has not
matched the influx of generic drugs, there are currently unmet needs in various areas of
disease treatment. In addition, new drug companies spend majority of their development
time not knowing if they their drug will be approved or not. This results in a lot of
decisions to be pushed back and further decreases the market exclusivity period for new
drugs to gain back all the investments in research and development. Therefore, the

problem statement of this praxis is as follows:
Problem Statement:

Lack of market competitive factors in the development strategy of new drugs and the
inefficiency in determining the approval status of new drugs have resulted in less market
exclusivity period (MEP) for new drugs to recoup all investments, thereby impacting

market competition.

1.3 Thesis Statement
A predictive tool to determine the approval status of new drugs at an earlier phase
(Phase 1) prior to final approval at Phase 111 during clinical trials and a list of competitive

factors to consider in the development strategy of new drugs will increase drug approval



efficiency and MEP, as well as enable risk-based decision making, thereby allowing

better competition.

14 Research Objectives
Given the urgent need to find a solution to the current shortage of brand drugs, more

specifically the primary goal of this research was to:

e ldentify areas of competitive advantage during R&D and the market

exclusivity period for brand drugs.

e Develop predictive tools to forecast new drug success or failure prior to

approval.

e Using drug utilization and prize data obtained, confirm the area of competitive

advantage identified.

1.5  Research Hypotheses

The following are the research hypotheses:

H1: The mean difference between independent variables including the number of
participants, complete response, stable disease, progressive disease, 6 to 60-month
overall survival and total serious adverse effects between successful and failed

drugs that determine new drug approval status are not equal.

H2: The mean difference between independent variables including units reimbursed,
number of prescriptions, package size, ease of drug application and drug preference

for brand and generic drug competition are not equal.



H3: A predictive tool using clinical trial data including number of participants, complete
response, stable disease, progressive disease, 6 to 60-month overall survival and

total serious adverse effects can be developed to determine drug approval status.

1.6 Research Limitations

There are limitations to this research including the possibility of publication bias due
to the reliance on published and public data only, non-uniform data collection and
reporting among published studies. Obtaining more complete data on candidate drugs that
are in preclinical and clinical trials could be helpful to develop a more robust model than
the data which is currently in circulation in the public domain. Although regulatory
agencies such as the FDA are making efforts for researchers to publish clinical results,
there is the need for more private involvement given that private companies benefit the
most from the development of these models. To improve the effect of publication bias,
organizations focused on research and development, the pharmaceutical industry and the
supply chain industry should make an effort to form a partnership with a body of
data-sharing and knowledge-transfer in a secured and trusted environment. This would
build confidence and enable intellectual properties to be protected, thereby securing
consistent data collection regardless of research goals. Given that most researchers and
scientists discovering new drugs do not have a large dataset with direct empirical data
from other drugs to compare, using smaller size data to build a simple and predictive
model tool as demonstrated by this praxis would be of great benefit. This may readily
provide a more standard analysis of the data and provide more readily available
information at the end of Phase Il clinical trials to make a risk-based decision to either

proceed or terminate unpromising drugs candidates sooner.



1.7  Organization of Praxis

This research was organized using the DMAIC methodology in six sigma to guide the
process as shown in Figure 1-1. Navigating through the phase of the DMAIC roadmap,
the research goals, problem statement, generation of hypotheses, data gathering, testing
of hypotheses and the remainder of the research were completed. Refer to Chapter 3 for

more details of the DMAIC process.

DMAIC Roadmap

Assure that
improvements
will sustain.

Analyze the process.

Define the
[ Define factors of influence.

problem and the
objectives.

\
"'“/‘ ,,

[ What do we need to ] [

improve?

Identify and implement ]
Can we measure this?

improvements.

Figure 1-1:  DMAIC Methodology Process



Chapter 2: Literature Review

In recent years, public health epidemics, like Ebola, that started in West Africa (CDC,
2014) and Zika in South America significantly impacted global commerce resulting in the
loss of many lives and billions of dollars (Azevedo, 2017). This suggests that the
inability of the pharmaceutical industry to innovate could negatively impact commerce as
well as many human lives globally. Over the last 50 years, public and private Research
and Development groups have contributed to the discovery of thousands of new,
innovative drugs and medical equipment to ease human suffering and lower mortality
rates. The success gained in drug discovery can be attributed to technological
advancements, better discovery methods, tools in R&D, knowledge gained through
lessons learned and best practices in successful and failed research (Schilling, 2013).
Although in recent years the overall R&D spending continues to rise, the rate of
innovation has been marginal and far below the expectations of stakeholders
(Schumacher, Gassmann and Hinder, 2016). Historical review of research conducted
within the last 60 years indicates that for over 4,300 pharmaceutical companies that were
actively involved in drug innovation, only 6% have been able to register one innovative

drug within the expected timeframe (Munos, 2009).

Given that brand-name drugs are typically the first-mover to the market, brand-name
drugs are usually at a disadvantage due to problems such as high R&D costs,
undeveloped supply and distribution channels, immature enabling technology and
complementary goods as well as uncertainty of customer requirements (Schilling, 2013).
Although being the first-mover to the market, brand-name drugs may enjoy the full

advantage of high return on investment, brand loyalty and technological leadership,



preemption of scarce assets and exploiting buyers switching costs (Schilling, 2013), the
likelihood that brand-name drugs could lose their investment and other innovative assets
due to their inability to compete after the market exclusivity period could offset most of

the advantages.

Further review of historical events suggests that intense competition in the
pharmaceutical industry started when the Hatch-Waxman Act (Drug Price Competition
and Patent Restoration Act) was passed in 1984 to encourage increase generic
competition and also provide incentives for pharmaceutical companies to develop new
drugs (Grabowski, 2015). Prior to that time, brand drugs were in control of the market
with less competition from generic drugs. Under the Hatch-Waxman Act, generic
manufacturers can apply for an abbreviated new drug application (ANDA) to
demonstrate that their product contains identical active ingredients and is equivalent in
strength to the reference product. Prior to 1984, generic manufacturers were required to
submit original safety and efficacy data for approval. To meet this requirement, generic
companies would have to repeat most of the innovative drug’s trials, which was time-
consuming and a duplication of effort. Also, the Act provided research exemptions for
generic companies to perform bioequivalent studies and apply for an ANDA before the
expiration of the reference product’s patent in order not to violate the patent laws but to

challenge an innovative drug patent before it expires (Grabowski, et al., 2015).

In order to balance the provision in the Hatch-Waxman Act, innovative drugs were
given an additional period of patent protection through patent restoration which would
allow for the extension of the life of the patent to compensate time lost in R&D. Also, the

Act provided a data exclusivity period of 5 years to run concurrently with the patent



protection. This prevents the FDA from receiving any application relating to any

particular innovative drug for the first five years of approval.

Post evaluation of the Hatch-Waxman Act indicated an exponential growth of generic
drug use and prescriptions. Also, the number of pharmaceutical companies that
specialize in generic drugs has escalated, resulting in increased patent challenges which
were an incentive provided under the Hatch-Waxman Act. Prior to 1984, before the
passing of the Hatch-Waxman Act, most of these pharmaceutical companies spent a
greater percentage of their budget on R&D, working to discover new innovative drugs in
lieu of manufacturing an existing generic drug (Grabowski, et al., 2013). Data illustrates
that the generic share of total prescriptions in the U.S. has increased from 36% in 1994 to
84% in 2012 and the increase is attributed to the Hatch-Waxman Act of 1984
(Grabowski, et al., 2013). This suggests that when generic drugs enter the market,
innovative drugs can lose up to 84% of their market share. Market evaluation performed
in 2011 indicated a 70% share of combined innovative-generics in the first month of
generic entry and over 80% within six months (Grabowski, et al., 2013). Further,
post-implementation evaluation suggests that the faster and more aggressive generic
competition has resulted in a lower return on R&D and the subsequent investment into
drug discovery. Due to the aggressive competition after the MEP period, pharmaceutical
companies that would have invested in developing innovation drugs are now diverting
their resources to developing generic drugs since the requirements for generic drugs are
less stringent and not as capital-intensive as compared to brand-name innovative drugs.

The ability for innovative drugs to stay competitive after the MEP period would



encourage more pharmaceutical companies to allocate a greater percentage of their

budget to research on unmet needs in drug discovery.

A product lifecycle model is typically developed to manage how the new innovative
drug will navigate through the various phases of growth until it retires or transforms into
another product. As shown in Figure 2-1 for general new product life cycles (S—curve),

most innovative drugs go through a similar pattern.

Product Life Cycle

Maturity 4
7 — Decline

Sales

Growth .

Intro

Time
Figure 2-1:  General Product Lifecycle (Okoye, 2015)

The market lifespan of brand-name drugs begins immediately after approval through
the expiration of patent rights and continues until the product is off the shelves or
transforms into another product through incremental changes. Given that the product
lifespan of innovative drugs goes beyond the MEP period, the existing lifecycle model
which focuses mostly on satisfying regulatory requirements should be remodeled to

include other factors such as competition.

2.1 Drug Discovery Pre- Hatch-Waxman Act

Prior to the enactment of the Hatch-Waxman Act (HW Act) in 1984, about 35% of
brand drugs with patent expiration had generic competition with a market share of about
13% (Boehm, Yao, Han, & Zheng, 2013). Brand drugs nearly monopolized the drug

market, leaving generic drugs less access to the market pool. The market terms for
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generic drugs to gain access to the market were not favorable based on the 1962
amendments to the Food, Drug and Cosmetic Act (FD&C Act). The amendment had
some drawbacks including high cost and long approval time, putting more stress on
generic drugs. The requirement to support the safety and efficacy of the drug during
filing with scientific literature was more stringent for generic drugs than brand drugs,
making it difficult for generic drugs to compete. The limitations of the 1962 amendment
were later addressed in the Hatch-Waxman Act by providing less demanding approval
route for generic drugs and adjust the time lost during the approval process for brand

drugs (Boehm, et al., 2013).

Although the law provided a favorable market environment for brand drugs, brand
drugs have faced a decline in productivity (Khanna, 2012). For about 4,300
pharmaceutical industries that were in operation about a decade ago, only a small fraction
(261) which represents 6%, have been successful with at least one new molecular entity
(NME) approved (Khanna, 2012). Most of these companies representing 88% have been
bought or merged with other companies or no longer exist. The drug discovery business
could be likened to a revolving door - companies jump in if they need to and once they
are confronted with the high cost of bringing drugs to the market and the length of time it
takes to do that, they exit and never to return. Historical data between 1950 to 1980
indicates a flat line up until 1996, where the curve slopes slowly moved up, resulting in
51 approvals in 1996 (Munos, 2009). Since 1996, drug approval rate for new drugs has
returned to the historical range (Munos, 2009). With the high turnover, about
32 companies have survived the entire period, with 23 uniquely focusing on particular

drug areas (Munos, 2009).

11



Evaluation of the historical rate of drug approval for both the most productive and
less productive companies in the drug discovery industry suggest that the rate of output
for NME production follows a Poisson distribution because the output has remained
constant for over 60 years (Munos, 2009). Data comparing companies that rely heavily
on merger and acquisition (M&A) to companies that do not, suggests that the former lags
behind the latter, indicating that M&A is not the effective way to increase product
portfolio (Munos, 2009), but rather negates the assumption that increasing the number of

companies would increase the drug output (Munos, 2009).

2.2 Drug Discovery Post Hatch-Waxman Act

The objective of the Drug Price Competition and Patent Term Restoration Act of
1984 (generally known as the Hatch-Waxman Act, or “Hatch-Waxman”) was to strike a
balance between brand name and generic pharmaceutical manufacturers for the historical
drawbacks in the 1962 drug amendment which makes it difficult for generic products to
compete. The main goal for the legislature was to speed up approval of generic drugs
while at the same time providing the necessary incentives for brand drugs to invest in the
research and development of new drugs (Boehm, et al., 2013). The following are the

brief details of the Hatch-Waxman Act:

1. Changes were made to the patent law and the federal Food, Drug, and
Cosmetic Act (FDCA) to extend patent term extensions for innovative drugs
to make up for a patent life lost during the approval process by the Food and
Drug Administration (FDA).

2. Hatch-Waxman also established an abbreviated new drug application (ANDA)

path under which generic manufacturers may be able to leverage the brand

12



drug’s safety and efficacy data as equivalent to avoid any duplication of
efforts by performing another clinical trial.

3. The law exempted from patent infringement, the use of patented inventions
for research intended to generate information for an ANDA submission.

4. Finally, it created a complex scheme whereby generic manufacturers can
challenge the validity and scope of brand name manufacturers’ patents prior to
bringing generic versions to market.

Effectiveness check of the Hatch-Waxman Act in 2012 indicated that generics drugs
accounted for 84 percent of all U.S. prescriptions as compared to only 19 percent in 1984.
Given that brand drugs are priced higher than generic drugs, making price one of the
competitive incentives for generic manufacturers, the annual health care cost between
2002 to 2011 indicates a significant reduction (Boehm, et al., 2013). Also, adoption of
the generic brands has been successful in almost fifty states since the passage of the HW
Act because pharmacists are now allowed to fill prescriptions for brand-name drugs with

their generic counterparts.

Although the law was intended to help both generic and brand drugs to equally
compete on a flat playing field, it has not worked so well for brand drugs. For the brand
drugs there are other disadvantages that need to be addressed. Some of the drawbacks are

as follows:

e With the passing of the Hatch-Waxman Act, the field of new genetic drugs
was wide open, enabling generic manufactures to compete with each other and
with many top selling brand drugs (Boehm, et al., 2013). Given that priority

was allotted to the first approved to monopolize the market for 180 days
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before any competition from other generics, some generic manufacturers were
bribing their way through the process (Boehm, et al., 2013). This led to low
public faith in generic drugs and even in the FDA for its ability to perform its

duties without any favoritism.

Switching from brand drugs to generic drugs are, most of the time, performed
by the pharmacist without sometimes informing the doctor or the patient.
Given that some generic drugs do not have the same bioequivalence as the

brand drug, this can create many issues for the patient (Boehm, et al., 2013).

There are certain brand drugs for which bioequivalent determination is not
possible. For such drugs, it is difficult for a generic version to be made
(Boehm, et al., 2013). The active ingredient is not adequately defined to
allow for the development of the generic version which should be equivalent
to the brand. In such case, it becomes difficult to perform any realistic
comparison for equivalence between the generic and brand versions (Boehm,

etal., 2013).

The issues of pseudo or authorized generic drugs where the brand company
works with third parties to make a duplicate copy of its own drug as generic in
order to be allotted the first-to-file status of 180- days of market exclusivity in
order to prevent other generics companies from competing with them. This
purposeful act by brand drug companies defeats the purpose of the Hatch-

Waxman Act.
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e With the increase in generic applications for ANDASs and resources remaining
the same at the FDA level, there is a backlog of generic applications that need
approval. Although this problem was resolved by the generic drug user fee
amendment of 2012 (GDUFA), where private companies will have to pay for
its own government oversight, these companies add the fee to the prices of the

medication, resulting in high cost of some generic drugs.

e The Hatch-Waxman Act made provisions by encouraging generic drug
companies to brand drug patents in order to prevent serial patent protection for
one drug. Also, certain brand companies would intentionally pay the generic
companies to delay their launch so that they can recoup more of their
investment (Boehm, et al., 2013). This pay-for-delay agreement has
significantly impacted consumer savings which would have been released had

the generic drug gone to market earlier.

With all these drawbacks, the passing of the Hatch-Waxman Act has forever changed
the woes of the generic industry. The law has also helped consumers and governments
within all fifty states to obtain access to drugs at low cost and for health care savings. On
the flip side, for brand drugs that law has not been as friendly given its dominance prior
to the passing of the law. Noticeably, the intense competition by generic drug makers has
resulted in brand drug makers converting to producing generic drugs in order to
overcome lengthy R&D and other costs associated with bringing new drugs to the
market. The notion that single companies will invest in R&D just for another to wait and
legally takeover does not provide the necessary incentive to invest in new drugs. Or the

fact that brand drug makers would be the only ones to dominate the market thereby
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hijacking the price of new drugs is not good for the patient. There is supposed to be a
balance action which will compensate fully the investment in R&D in order to provide
the legal framework to even the playing field. A similar trend as observed in the
approval rate for generic drugs after the Hatch-Waxman Act should be applicable to
brand drugs to even the input of new drugs into the market. If this trend of uneven

balance continues, there will be less innovative drugs for generic brands to compete.

2.3 Areas of Competitive Advantage for Post Hatch-Waxman Act for Brand

Drugs

Review of approval rate for both generic and brand drugs after the Hatch-Waxman
Act, as shown in Figure 2-2 below, indicates that genetic drugs are outperforming brand
drugs. Given the vital role brand drug manufacturers play in the discovery of new drugs
to meet the needs of untreated diseases, it is important to provide the necessary tools to
keep the drug discovery loop going. For brand drugs to keep pace with the current influx

of high approval rates for generic drugs, the following are some of the competitive areas:
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Figure 2-2:  FDA Approvals (Mukherjee, 2016)

2.3.1 Advantage of Focusing on Particular Disease Areas and Operating as a
Small Company

Historical data indicates that although there is a high turnover in the pharmaceutical
industry, about 32 companies have been able to survive for over 50 years (Munos, 2009).
Twenty-one out of the 32 companies has produced half of the NMEs approved since 1950
(Munos, 2009). This suggests that there is much to learn in terms of business best
practices from these companies, for instance, how they have been able to survive amidst
all the difficulties of drug development. Review of these companies indicates that the
companies focus on particular disease areas or specific therapeutic strategies (Munos,
2009). Being focused on a particular disease area, these companies become subject

matter experts in the disease areas, gaining more knowledge. Having core objectives that
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focus on specific goals helped the companies to remain small and more effective, instead
of spreading themselves so thin that companies do not become experts in any one thing.
With this business model, companies would be able to provide drugs and related services
at all stages of the disease levels within the specific therapeutic area instead of offering
only one or two drugs for many therapeutic areas (Laakmann, 2014). Also, this provides
the opportunity for companies to develop individual therapies that will compete in
treating these smaller patient populations. This may also help to establish brand name
recognition and customer loyalty within the therapeutic area (Laakmann, 2014). Although
the United States government passed the 1983 orphan drug act to provide incentives for
pharmaceutical companies to develop drugs for diseases that only impact fewer than
200,000 people in the U.S., only 5% of the estimated 7,000 rare diseases have treatment
(Aitken, 2017). The advantages outweigh the disadvantages, although there are
drawbacks such as preventing the unanticipated cross-therapeutic area discoveries,
preventing knowledge sharing in other disease areas and government regulations
preventing one company from owning the rights to one disease area due to anti-trust

laws.

The share of NMEs for large pharmaceutical companies since early 1980 (Munos,
2009) has declined from approximately 75% from 1950 to 35% while that of small
pharmaceutical companies have significantly tripled from approximately 23% to 70%
within the same time period (Munos, 2009). The increase in NMEs is attributed to the
rise of the establishment of small companies from 78 to 145 from the 1980s to 1990s
while the number of large companies has decreased to about 50% within the same time

period (Munos, 2009). Some of the advantages of innovation in small companies are
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lower cost, organizational hierarchies are flat to allow for quick decision making and
small companies are able to take the risk without detrimental impact to the company
brand. Operating small and fast to bring new drugs to the market has become the new
drug innovation dynamic. Combining small company size with a focus on specific core

objectives could be the recipe for innovation in the pharmaceutical industry .

Review of current business models in the pharmaceutical industry indicates that
major changes in operating models and the transitioning of commercial models are
beginning to occur (Gautam, 2016). In Gautam’s assessment after reviewing commercial
data for pharmaceutical companies for 2 ten-year time periods of 1995-2005 and
2005-2015 to understand the changes and any trends over the past two decades, the

results concluded with the following four trends:

e Massive to lean and primary to specialty- Between 1999 to 2005 was marked as
the peak of an intense merger of acquisitions of major pharmaceutical companies
including Astra and Zeneca, for the main aim of getting lean (Gautam, 2016) as
shown in Table 2-1.

e Hubs to hotspots —With the high increase in mergers and acquisitions, there was a
decline in R&D productivity, resulting in the integration of dispersed research
units to take advantage of lower costs due to the economies of scale (Gautam,
2016).

e West to East — The current emerging markets in Asia, Latin America, Russia,
Middle-East, and Africa continue have led many big pharmaceutical companies
in North America and Europe exploring the option of increasing their marketing

presence in these areas. Between the 1995-2005 period, none of the big pharma
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companies had more than 20% revenues from these emerging markets as
compared to the period between 2005-2015 where most big pharma companies
grew their product portfolios to at least 25% of the total revenues from these
emerging markets (Gautam, 2016).

Seventy-five (75%) of the findings including massive lean, hub for hotspots, and
primary to specialty are related to operating small, due to investor algorithms and
specificity in categorizing in such a way that companies with general products are
penalized as a result of any product deficiency or unpleasant business news as compared
to specialty companies which tend to have fewer hostile business news due to limited
product. This phenomenon impacts company stocks thereby putting a lot of pressure on
management by investors to grow lean. As shown in Table 2-1, a number of
pharmaceutical companies have begun strategizing their massive companies into lean

models.
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Table 2-1: Pharmaceutical Companies Focusing on Lean Strategy (Gautam, 2016)

Massive-to-lean strategy.

Expanding organizations Company Leaner, focused organizations
Astra and Zeneca merger 1999 AstraZeneca 2014 Narrow therapy areas from five to three
Acquired Medimmune 2007
Merged with Schering 2006 Bayer 2014 Divested material science and specialty chemicals businesses
Acquired biclogics expertise 2009 Bristol-Myers Squibb 2008 Divestiture of medical imaging and wound care businesses
through Medarex 2009 Spin-off of nutrition business Mead-Johnson
204 Divested diabetes business to AstraZeneca; focus on

three therapy areas

Merger of GlaxoWellcome and 2000 GlaxoSmithKline 2014 Swapped oncology for consumer health and
SmithKline Beecham vaccines with Novartis
Acquired Schering-Plough 2009 Merck 2014 Divested consumer health to Bayer
Merger of Ceiba-Geigy and Sandoz 199 Novartis 2014 Divest animal health to Eli Lilly; swapped vaccines and
consumer health for oncology with GSK
Acquired Warner Lambert 2000 Pfizer 2006 Divested consumer health to JNJ
Acquired Pharmacia 2003 2012 Spin-out animal health unit (Zoetis)
Acquired Wyeth 2009 2012 Divested nutrition business to Nestle
2015 Acquired Hospira for biosimilars

On track to split into three businesses: innovative pharma;
established products; oncology/vaccines

Acquired biologics expertise 2009 Roche
through Genentech
Merger of Synthélabo and Sanofi 1999 Sanofi 20m Acquired biologics expertise through Genzyme
Merger of Aventis and Sanofi 2004
Abbott 2013 Split into two companies: Abbott for diversified healthcare

products and AbbVie for innovative pharma business

2.3.2 High Price of Brand Drugs

The high price of brand drugs is mostly attributed to the following factors:

1. The high cost of bringing new drugs to the market which was estimated by
Tuft Center for the Study of Drug Development in 2016 to be $2.6 billion.
The $2.6 billion figure per approved compound is based on estimated average
out-of-pocket costs of $1.395 billion and the expected opportunity cost that
investors forgo while a drug is in development of $1.163 billion. (Tuft CSDD,
2016)

2. The long research and approval process (up to 15 years), starting from the
time the target molecule is identified with FDA approval. This indicates that
half of the 20-year patent time given will be over by the time the drug reaches
the market, allowing for a short time to recoup R&D costs, break even and

make a profit.
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3. Additionally, the cost of a product launch and advertisement as compared to
revenue is very high, exceeding investment in R&D as shown in the pie chart

in Figure 2-3.

Proportional Allocation of Revenue 2003-2015

Figure 2-3:  Estimated Proportion of Revenue for Pharmaceutical Industry (Belk &

Belk, 2012)

4. At the time of generic drug approval, brand drugs are the only drugs on the
market for the particular treatment, therefore that advantage of the monopoly
could lead to price increase as shown in Figure 2-4. Brand drugs maintain
approximately 94% of their prices until more generic drugs are introduced
onto the market when prices begin to decline. Sometimes with high generic
drug introduction into the market, some brand drug manufacturers still
maintain high prices due to the enormous advantage of customer loyalty.

5. Given that brand drugs are the first to enter the market, often there are no
appropriate supply and distribution channels to enable easy movement of the

drug. The cost of supply and distribution is added to the overall cost, pushing
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the cost of brand drugs higher than generics. It is estimated that the share of
initial gross drug expenditure in 2015 by supply chain and distribution is 22%

of the total operation cost (\VVandervelde, 2017).

One would expect that brand drugs will lower prices in the event of generic entry but
it is not always the case. Drug price and utilization data from the literature indicates that
brand-name manufacturers do not compete on price as generic competitors become
available (Lexchin, 2004). Further review of historical data suggests that the price of the
brand drugs will rise following generic entry if the size of the market share of price-
insensitive consumers and the factor of cross-substitutability between brand-name and
generic drugs are sufficiently small (Kong, 2009). As shown in Figure 2-4, as more
generic drugs enter the market, price per unit product and market share decrease. Given
the significant increase in health care costs, consumers are always looking for ways to
reduce cost, so a small difference in price with a large patient volume could be a

substantive savings (Jain, 2016).
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Generic Competition and Drug Prices
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Figure 2-4:  Generic Competition and Drug Prices (Optum, 2018)
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Figure 2-5:  Price Index of Brand & Generic Drugs (Rodriguez, 2016)

As shown in Figure 2-5, the change in price for generic and brand drugs as compared
to customer price changes is measured by the price index. As shown by the graph, price

changes for brand drugs continues to increase with no signs of decreasing while generic
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drug price changes continue to decrease meeting customers’ expectations. Given that the

two drug types are of equivalent potency, the deciding factor for most customers would

be the drug with the lower price. If the increase in brand drug price index trend

continues, it will be difficult for brand drugs to ever compete with generic drugs after the

market exclusivity period. A study conducted and published in 2013 to further

understand how factors such as level of competition, therapeutic purpose, the age of the

drug, and manufacturer impact the pricing of brand-name prescription drugs conclude

that (lacocca, Sawhill, & Zhao, 2015):

1.

3.

The number of generic drugs and that of brand drugs in a particular
therapeutic area does not explain the pricing model of brand drugs (lacocca, et
al., 2015). This conclusion suggests that competition does not impact how
brand drug companies would set their prices.

Number of dosing levels and the number of years since a brand drug has been
approved by FDA contribute to the price of a brand drug (lacocca, et al.,
2015). Given the dosing measures, the potency of the drug, patients will pay
more for effective drugs. The longer a drug stays on the market, its price goes
down depending on the type of drug; for brand drugs in the same therapeutic
area, prices on new drugs are higher than those already on the market
(lacocca, et al., 2015).

Also, drugs that treat uncommon and life-threatening conditions are priced
significantly higher than others, while uncommon or life-threatening
conditions alone do not lead to a higher or lower price (lacocca, et al., 2015).

For uncommon conditions which are treated with orphan drugs (drugs that
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treat rare diseases that affect only a few people within the population) given
that the number of patients with the disease is few, the drugs are priced higher
in order to recoup all the investment. The Orphan Drug Act of 1983 was
created based on concerns that pharmaceutical companies only develop drugs
to treat diseases that affect only the larger population in order to be
commercially viable (Aitken, 2017). The law provides economic incentives
such as tax credits, research grants, and special market exclusivity protections
to encourage pharmaceutical companies to invest in drugs for rare diseases
(Health Affairs, 2017). Although orphan drug companies receive many
incentives from the government, prices for orphan drugs are still high, which
calls into question the rationale for the incentives. Due to the high cost of
orphan drugs, governments and institutions usually cover the full cost of the
drug. In 2014, the average annual price tag for orphan drugs was $111,820
versus $23,331 for mainstream drugs (Tribble, 2017)

There are significant differences in manufacturers’ price-setting decisions;
some manufacturers set prices systematically different from others even
though raw material cost and operating cost are at a controlled level and
standardized within the manufacturing community (lacocca, et al., 2012).

In a separate article “Why brand drugs are priced higher than generic
equivalents’ by the same authors (lacocca, et al., 2015) concluded that
customers have a strong preference for brand drugs and in addition, exhibit

high switching costs for prescription drugs.
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Based on the factors discussed on brand drug pricing, it can be concluded that brand
drug pricing depends on many factors and are generally more expensive than generic
drugs. For brand drugs to be able to effectively compete against generics, prices should

be modeled at least to a level equal to or less than generic drug pricing.

2.3.3 Ease of Patient Use

As the first mover in the market, brand drug manufacturers face considerable
uncertainty as to what patients really need. Since patients have not taken the drug before,
they have little idea the full benefit of the drug or the side effect(s) of the use and its
application. During the market exclusivity period, brand drug manufacturers have the
opportunity to perform market research in order to shape customer preferences prior to
the expiration of the patent (Schilling, 2013). The inability for patients to administer
medication at their own convenience without the help of a physician would help to place
more value on the adoption of the drug. With the high cost of healthcare, incurring
additional cost by frequent doctor’s visits simply to administer medication, decrease
drugs adoptability in the midst of other drugs that are easily admissible. In comparing
oral drugs to injectable drugs, drugs which are administered orally are more convenient
and therefore would be the patient’s preference. One advantage generic drugs used to
outperform brand drugs is to develop a drug which is easy to administer per patient
feedback on the original brand drug with which it intends to compete. For a brand drug
to effectively compete, designing a drug that has ease of administration would enable the

drug adoptability.
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2.3.4 Time of Entry

As the first mover, brand drugs have the advantage of loyalty and innovation
leadership, access to scarce assets, exploiting buyers, switching costs and reaping
increasing return advantages. With a high development and approval time, the ability to
bring drugs early to the market would enable ample time to stay longer within the market
exclusivity period, thereby increasing sales and return on investment. This will also help
to reduce R&D cost and shorten the breakeven time to recoup all investment before
making any profit. Although short entry time is not applicable at the time of entry of
generic drugs, prior entry of brand drugs early in the market would enable better

competition (Schilling, 2013).

2.3.5 High Cost of Research & Development and Product Launch

Developing a new molecular entity usually entails costly research and development
and given that brand drugs are the first to introduce the drug to the market, brand drug
companies bear the majority of the cost. They also bear the cost of other drug research
pathways that did not yield a commercially viable product (Schilling, 2013). With the
drug discovery failure rate of approximately 90%, the process becomes expensive and
risky for the first movers who develop and introduce the drug to patients. As compared
to generic drugs which are introduced after the market exclusivity period, generic drugs
do not invest in exploratory research. Review of the drug discovery process indicates
that the R&D is the most expensive phase of the drug discovery process since there is no
income during that phase. Depending on the type of drug (more data might be needed for
certain drugs than others prior to approval), R&D costs for a new drug discovery and

approval can cost up to $5.5 billion (Winegarden, 2014), so the ability to reduce R&D
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costs can help brand drugs to breakeven at the shortest time possible and compete with

genetic drugs effectively (Winegarden, 2014).

2.4 Historical Use of Predictive Models in Drug Discovery

Drug development is an inherently high risk and costly endeavor that requires a
certain level of predictability to reduce the risk and cost involved. Comparable to
standard innovative processes, the entry costs are high and the probability of approval is
low. Certainly, only <10% of target lead compounds ever reach the final regulatory
approval process to be commercially viable for human consumption. During the drug
development process, a candidate drug may be rejected at any time due to lack of
efficacy, adverse effects, high toxicity levels, poor absorption or poor clearance (Wishart,
2007). The ability to proactively predict future approval status of a candidate drug will
prevent further cost down the development pipeline, which typically increases
exponentially as the discovery process moves along (Wishart, 2007). As a result, there is
considerable high interest in developing predictive models using clinical trial or
experimental data that can determine approval status and identify any potential problems

the candidate drug might encounter at the earliest stages in their development process.

Although there are many advantages for developing a predictive tool for drug
approval status, enormous caution must be taken so that the predictive tools do not
replace the approach of drug discovery that led to the accidental discovery of drugs such

as Penicillin, Viagra, Warfarin, Cisplatin, Nitrous Oxide and Prontosil.

The research and development process in the pharmaceutical industry is mainly
divided into drug discovery which is mainly a proof of concept, preclinical studies where

the new drug is tested in animals, and clinical trials in humans (Buonansegna, Salomo,
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Maier, Li-Ying, 2014). Evaluation and analysis of preclinical data in relation to clinical
data to predict pharmacodynamics and drug safety in patients in order to project clinical
expectations are limited (Polson & Fuji, 2012). The ability to use preclinical
pharmacodynamics and safety data to successfully predict the expected response during
the clinical trials in humans greatly improves drug development outcomes (Polson &
Fuji, 2012). The overall goals of preclinical studies are to precisely model the
pharmacokinetics, pharmacodynamics, and safety in animals to predict the desired
biological effect of a drug in humans. Using the preclinical model, clinical investigators
can correctly predict treatment in humans, and to identify risk factors in relation to
adverse events with toxicities associated with a drug. Given that the aim of preclinical
models has not been fully attained until now (Polson & Fuji, 2012), presents the
opportunity to ask why preclinical models have not been effectively used to predict

clinical outcomes.

Review and analysis of data (Bugelski & Martin, 2012) for any correlation between
preclinical and human data for biopharmaceuticals concluded that there is a comparable
correlation between preclinical data and human pharmacodynamics. For the 15 approved
monoclonal antibodies examined, there was a positive correlation between human
pharmacodynamics and mice surrogate molecules and primates which were given the
active biopharmaceutical ingredient but negative correlation with genetically deficient
mice for all the models evaluated (Polson & Fuji, 2012). Furthermore, the analysis
concluded that surrogate rodents are comparably predictive to primates by exhibiting
human pharmacodynamics traits (Polson & Fuji, 2012). The lesson learned in this

analysis suggests that ensuring the appropriate development of rodent surrogates to
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mimic a candidate’s drug desired efficacy, safety, and biologic effect is valuable to the
entire clinical evaluation process and would provide data to support the reduction of the

use of primates in preclinical trials.

The drawback to the preclinical analysis is that the data is limited and, in some cases,
the preclinical data does not mimic clinical data due to slight biological differences
between primates and humans. The failure of preclinical data to predict certain drug
effects including immunogenicity, toxicity, and severe adverse events had led to many
pharmaceutical companies uncertain about the relevance and validity of the preclinical
data. Also, on the flip side given that candidate drugs with serious toxicity levels in
primates are not allowed to be tested in humans, performing any realistic analysis to

determine similar impact in humans is uncertain.

This indicates that effective and efficient clinical trials that is predictive of drug
approval success depends greatly on a planned drug development program intended to
gather information from routine preclinical studies, analyze the data to determine any
correlation that predicts the drug characteristics in humans, and determine the additional
preclinical studies or data needed to make an informed decision on whether to further
proceed on other clinical endeavors. This will increase the certainty of new drug
approval predictions at the clinical phase and also reduce the amount of work that

clinicians will need to do given that the majority of the work has been performed upfront.

A literature review of historical predictive models for clinical trials post-preclinical
phase indicates attempts by researchers and scientists to build models that could predict
new drug approval during human clinical trials. Due to the limitations in the current

method of prediction which has resulted in high failure rate in drug development,
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researchers are stepping up to find the rationale behind the low drug approval rate (Malik,

2014).

Given that clinical trials in Phase | are not statistically designed to evaluate the
efficacy of the new drug as compared to Phase Il or Il in the areas of the primary
endpoint, dose range, patient population, disease status, severity and age, clinicians are
still trying to find a correlation between Phase I clinical trial data and drug approval
(Malik, 2014). Predictive models built in 2014 for predicting the success in regulatory
approvals from Phase I clinical results using a statistical tool such as Fisher’s exact and
chi-squared tests concluded that a higher number of partial response and longer partial
response duration were indicative of regulatory success. Although there were a number
of limitations including publication bias, statistical significance of Phase | data and
non-uniform data collection, this conclusion confirms some of the findings by previous
analysis performed by Von Hoff in 1998 which reported that regulatory approval was
associated with six responses in the Phase | trials (Von Hoff, 1998). With Phase I clinical
data having a lot of noise due to the small number of patients in that population,
invalidated response and untested hypothesis, some of the clinical trial results may be
either a false positive or false negative. Also, given that between Phase I through Phase
111 of the clinical trial so many changes could occur. Phase I clinical trial data might
significantly deviate from Phase 11l data, making Phase | clinical data an incomplete

representation of Phase Il data.

Further literature search of historical predictive models in the pharmaceutical industry

indicates the following predictive tools:
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1. Model for predicting regulatory approval after Phase 11 testing of new
oncology compounds in 2013 by Tuft Center for the Study of Drug
Development in Boston, Massachusetts was developed using a variety of
statistical tools and machine learning techniques to assess large public data in
order to build an algorithm for predicting regulatory approvals of new drugs
(Tuft, 2013). To develop the model, random forest classification algorithm,
which is a machine learning tool, was used to assess the predictive capacity of
independent variables considered in order to maximize the area under the
receiver operating characteristic curve (AUROC). Also, recursive feature
elimination algorithm was used to rank, determine model performance and to
eliminate least importance parameters that are not significant with the
dose-response relationship. Further analysis was performed for additional
classification of dependent variables using classification and regression tree
technique (CART) by applying recursive portioning of factor data to optimize
the cutoff point. Finally, statistical inference method including logistic
regression was applied to determine the association between each potential
factor and dependent variable which were categorized into regulatory success
or failure. The algorithm only considered complete or partial response which
is usually measured by response evaluation criteria in solid tumors (RECIST)
for each active ingredient considered as a potential new drug. The results of
the model concluded that independent variable including a partial response,
number of patients in the Phase Il trials and Phase Il duration had a high

probability for predicting regulatory approval. Although the development of
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this algorithm was able to distinguish between drug compounds that were
successful and those that failed in Phase 111 based on the clinical result, the
drawback is that the process to generate such an algorithm is complex and
might deter scientists from using the model. Also, the over processing of the
data and repetitive analysis might lose its meaning leading to false positive
results.

2. Model for predicting the outcome of Phase I11 trials using Phase 1l data: A
case study of clinical trials simulation in late-stage drug development by Fipp
De Ridder from Johnson & Johnson Pharmaceutical Research and
Development, Belgium. In this contribution, modeling and simulation in
Phase Il to Phase 111 transition was demonstrated using clinical data from
Phase I1.

The model was developed to mimic the time course of four consecutive weekly

assessments of a continuous symptom score using the formula below:
Symptom Score=Baseline+Treatment-effect + Residual error
Where

Baseline= value of the symptom score at the start of the trial (randomization);

Treatment-effect= change of the symptom score due to the treatment;
Residual error = unexplained intra-patient residual variability, described by a

Poisson distribution.

The statistical tools used for this model was not clearly stated in the article but the

simulation model was able to provide insight as to how the drug works, the impact of

34



sampling variability and how sure the uncertainties are in order to assess and optimize the
performance of the clinical trial. Also, the model was used to identify the level of the
dose that would significantly yield sufficient response rate and showed that the incoming
Phase 111 data were consistent with Phase Il data. Although the model was used to
correctly predict the outcome of Phase I11 results based on the Phase Il data, the only
drawback from this model was that based on the formula used, the clinical trial data was
further classified instead of using the dose-response data to determine any natural trend
prior to building the model. Also, given that the number of patients used for Phase 11
clinical trials is less than Phase 111 and the general population, the Phase 11 model cannot
capture all the adverse events and characteristics of the new drug to provide an ideal
prediction. This model was not used explicitly to predict if a drug would be successful or
fail regulatory approval in Phase 111 trials but was used to perform a detailed analysis of
Phase I clinical trial data to allow studying of potential ranges of outcome in Phase I11
under different conditions, which can be useful to optimize the design of Phase Il trials.
On the flip side, the results could also lead to the decision as to proceed to Phase 111 of

the clinical trial if the proposed Phase 111 projections do not mimic the Phase 1l outcome.

Consistent with the data from the literature review, research and development is the
most expensive phase of the drug discovery process. As shown below in Figure 2-6, the
R&D phase which is comprised of discovery, preclinical, clinical and the approval
phases, indicates that the closer the target molecule reaches the approval phase, the

higher the cost.
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Figure 2-6:  Cost of Research, Development, and Approval (Salon, et al., 2011)

The ability to streamline the R&D process to effectively predict the success or failure
of new molecular entities would help to reduce costs and free up sources for research into
unmet needs in other therapeutic areas (Cohen, 2017). This would also enable brand
drugs to compete effectively with generic drugs on price after the expiration of the patent.
Additionally, with the passing of the Hatch-Waxman Act, generic drugs enjoyed
countless benefits including low-priced drugs and availability of generic drugs to patients
which outcompete their complementary brand drugs. As shown in Figure 2-2, there is a
lack of balance between new drug approval and generic approval. Since the influx of
new drugs is significantly lower than generic approvals, there is an indication that the

level of effort to enter into a brand or generic business is not the same. The high cost and
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the tedious efforts to bring new drugs to market outweigh the incentives provided by the
Hatch-Waxman Act and therefore there is lack of interest in pursuing business in brand

drug discovery, development, and manufacturing.

Developing new drugs for the treatment of any disease is expensive and time-
consuming, and due to these reasons, many new drugs do not succeed prior to filing or
fail to gain approval from regulatory agencies. As shown in Figure 2-7, an approval rate
of new drugs is always lower than a filing rate. A therapeutic area like oncology has
shifted from cytotoxic to molecularly targeted agents with the availability of several new
potential drug combinations and newly recognized pathways that could be therapeutically

targeted (Malik, 2014).

This research developed models capable of predicting the likelihood of marketing
approval for new drugs and to facilitate the research and development process. The

following are the details of the models.

60
50
40
30

20

10

~ 0 o2} o — o~ o™ < n
8 8 8 3 3 8 S 3 <
~ ~ ~ ~ ~ ~ ~ o~ ~
Calendar Year
NME/BLA Approvals —4—NME/BLA Filings

Figure 2-7:  Applications (BLA Filings and Approvals) (Woodcock, 2016)
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2.5  Selecting the Model/Forecast Method
The following are examples of modeling methods that have been used and proven

effective in the pharmaceutical industry (Cook, 2006):

1. Dartboard methods: this type of modeling relies on an individual’s ability and
experience and does not require principle or documentation. It is the simplest
form of developing a model but given that no documentation is required,

knowledge and information can easily get lost.

2. Workstation method: this type of modeling uses complex analytical methods such
as statistical analysis and longitudinal patient flow modeling. This method also

uses large data which requires sophisticated software and expertise.

3. Simple spreadsheet methods: The type of modeling uses simple spreadsheets like

Excel and is the most common method of modeling.

4. Analytic spreadsheet methods: this is methods built into a spreadsheet which
involves navigation tools such as Excel spreadsheets that use Visual Basic for the

application.

5. Systems dynamic methods: The type of modeling uses system dynamics to create
models that can track specific disease progression over time and provide
feedback.

6. Alignment with Lifecycle method: This type of modeling is between user-

friendliness and complex models which uses product lifecycle information.

7. Qualitative and quantitative methods: These methods blend qualitative factors

into a quantitative tool to create models for the product.

As indicated in Chapter 3, multiple modeling methods including a workstation method

that used complex statistical tools, and qualitative and quantitative methods were used.
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2.6 Summary
The following are the main gaps identified in the literature review, which were

addressed in this praxis:

1. Preclinical studies performed using rodents and primates are not predictive of

drug efficacy.

2. Phase I clinical data used to predict drug approval status only represent drug
safety and not drug efficacy.

3. Also, Phase | has a high success rate as compared to Phase Il and Phase 1l and,

therefore, is not a limiting phase to the drug development process.

4. No post-approval competitive factors were considered as part of the drug
development strategy.

5. Current algorithm to determine new drug approval status is very complex and the

data is over analyzed, making it difficult to interpret results.
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Chapter 3: Methods

3.1  Predictive Model Methodology

The DMAIC (Define, Measure, Analyze, Improve and Control) methodology is the
framework (Henshall, 2014) that is used for defining, identifying, and eliminating sources
of variation in an operational process in question, and recommends improvement as

shown in Figure 3-1.

This framework was used as the roadmap to guide the progress of this research. As
compared to other six sigma tools such as DMADV (Define, Measure, Analyze, Design
and Verify) which is used to develop a new process, DMAIC is used to improve existing
processes that have already been designed (Dear Systems, 2018). Going through the
defined phase, the research scope, objectives, and problem statements were established
using data from literature review, courses taken and public data from a clinical trial for
the United States government, Medicaid and PubMed as shown in Figure 3-1. At the
measuring phase, initial data was collected and further categorized, independent variables
were identified, hypotheses were generated and statistical tools for analysis were selected
as shown in Figure 3-1. During the Analyze phase, the data was analyzed to identify
critical variables that control the drug approval process during the early stages of drug
development. In order to prioritize the information gathered and focus on factors that
influence drug approval and marketing of new drugs, a model was developed to predict
new drug approval status and areas of competitive advantage were identified for new
drugs during the Analyze phase as shown in Figure 3-1. Hypotheses were generated and
predictive models were tested to make necessary adjustments at the Improve phase. At

the control phase, the capability of the model was determined to validate its performance.
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3.2  Choosing the Optimal Clinical Phase for the Predictive Model

In order to determine the optimal phase to pivot the prediction model, the three
phases of a clinical trial, including Phase I, Il and 111, were analyzed. The preclinical
phase which is performed to evaluate the impact of the drug in rodents and primates
before the start of Phase I of the clinical trial was excluded in the analysis based on
unavailability of data. The literature review indicates the predictability of rodent
pharmacokinetics with primates and how this relationship can reduce the preclinical
cycle. The characteristics of Phase I trials include fewer participants (15 to 30 people)
with a high success rate of approximately 63% of drug candidates moving from Phase |
to Phase Il as shown in Figure 3-2 and Table 3-1. Also, Phase I clinical trials are not
statistically designed for efficacy analysis (uncontrolled and unblinded), therefore, differ
from Phase Il or 111 studies in several respects including the primary endpoint, dose

range, patient population, baseline characteristics such as disease status, severity, and age
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(Malik, 2014). Therefore, Phase | was not chosen as the pivot for the prediction model.
Also, given that Phase 111 is the approval stage, at that point, it is too late for any
reasonable prediction; therefore, Phase Il was chosen as the pivot for the prediction.
Phase Il requires from one hundred to about 300 people and has a high turnover rate of

approximately 30% as compared to Phase | and Ill. The predictive model was built to:

1. Speed up the decision to reject a candidate drug with a low potential for success
2. To establish a standard as a baseline of comparison for single drug candidates

3. Determine if the decision-making for a new drug candidate is probabilistic in

order to eliminate bias

Table 3-1: Clinical Phases and Summary of Activities (Thomas, et al., 2016)

Clinical Number of Rationale Probability Duration
Trial Phase | Patients to of Success
be Tested

Phase | 10to 30 Drug safety | 63.2% Up to 1 month

Phase Il 100 to 300 Efficacy 30.7% Several
months

Phase Il Hundreds to | Efficacy 58.1% Several Years

Thousands
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Figure 3-2:  Clinical Trial Success Rate (Thomas, 2016)

Clinical trial data at Phase Il were obtained for 20 drugs (10 approval and 10 rejected
candidate drugs) that were in Phase 111 with a known approval status of either approved
or rejected. Given that there are fewer drugs on the market for the treatment of cancer, the
20 drugs candidates selected for analysis were cancer drug candidates. Independent
variables commonly used in the clinical evaluation of these drugs are the number of
participants, complete response, partial response, stable response, progressive response,
overall survival rates, adverse events, objective rate response and time to treatment
failure (Yu, 2011). Refer to Table 3-2 for the definition of the independent variables.
Due to the availability of data to perform a comparative analysis for these 20 candidate
drugs with similar therapeutic indications, variables with data for all the 20 candidate
drugs were selected to build the predictive model. Independent variables used to build
the predictive model including the number of participants, complete response, partial
response, stable disease, progressive disease, overall survival rate at 6, 12, 24, 36, 48 and
60 months, and total severe adverse events data were variables common among all the

drug types with data. Drug candidates and variables (Objective response rate and Time to
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treatment failure) that were excluded from the analysis were based on the inadequate

availability of data for the independent variables that were identified. Drug responses

and activity data for the independent variables were classified according to the

description in the individually published study. Selected candidate drugs were placed into

approved and non-approved categories, based on regulatory status.

Table 3-2:

Independent Variables Definition

Independent Variables

Definition

Number of Participants

Number of people participating in the
clinical trials

Complete Response

The disappearance of all signs of cancer in
response to treatment. Also called complete
remission. Complete response is the
disappearance of all lesions with nodes
measuring < 10 mm

Partial Response

Decrease in the baseline > 30% represents
partial response

Progressive Response

An increase of > 20% from the baseline

Stable Response

Stable disease lies between partial response
and progressive disease

Objective Response Rate

Proportion of patients with tumor size
reduction of a predefined amount at a
specified time

Time to Treatment failure

Time from randomization to treatment
discontinuation

Overall Survival Rate (6 to 60

Month)

Ratio of the proportion of observed
survivors in a cohort of cancer patients to
the proportion of expected survivors in a
comparable cohort.

Severe Adverse Event

Any unfavorable and unintended sign
(including an abnormal laboratory finding),
symptom or disease temporally associated
with use of a drug
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Table 3-2: Independent Variables Definition (cont.)

Independent Variables Definition
Ease of drug use The difficulty in the process of application
of the drug to the body (Oral, 1V)

In order to build the predictive model, a normality test was performed for all the
variables to determine if the data collected was from a normal distribution, as shown in
Table 3-3. Using the Shapiro Wilk Test in JMP statistical software, goodness of fit was
determined by comparing the p-value to a significance level of 0.05. P-values less than
0.05 indicate that the data is not from a normal distribution and p-value greater than 0.05
indicates that the data is from a normal distribution (Ghasemi and Zahediasl, 2012). As
indicated in Table 3-3 variables that are not normally distributed were further analyzed
using a non-parametric method such as the Wilcoxon test. Non-parametric Wilcoxon tests

are usually performed when data is not normally distributed (Robbins, 2010).

A variety of statistical techniques were used in order to determine which set of
variables will better predict regulatory approval success. In addition, these statistical
techniques were selected to provide more precise prediction by using data relevant to the
clinical development and approval process. To analyze the data in order to determine
which of the variables contributes significantly to the approval status of the new
candidate drugs, statistical t-test and Wilcoxon test were performed. The t-test was
performed for variables that were normally distributed to identify if there are mean
differences between the two sets of data for successful and failed drugs. A similar
analysis was also performed for variables which were not normally distributed using a

Wilcoxon test. Results from the t-test and Wilcoxon test were used to test the null
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hypothesis 1, which was generated to test the mean difference between independent
variables for successful or approved drugs and failed or unapproved drug candidates.
Given that many data are collected during the clinical trial phases, knowing the variables
that contribute significantly to the approval success would enable researchers to place a
higher priority on variables that may impact resources, budget and the time to bring the

new drug to the market.

To build the predictive model, logistic regression was used to assess the relationship
between the odds of approval for each independent variable. Logistic regression is the
appropriate regression analysis to conduct a statistical analysis when the dependent
variable (success or failure) is dichotomous (Statistical Solutions Advancement through
Clarity, 2018). Like all other regression analyses, logistic regression is a predictive
analysis typically used to describe data and to determine the correlation between the
dependent binary variable and independent variables (Bewick, et al., 2005). For the
development of this model, a logistic regression model was chosen based on the

following rationale:

1. Given binary data does not have a normal distribution, which is a condition
for most types of logistic regression analysis; with the dependent variables

being binary (failed or approved), logistic regression analysis was chosen.

2. Predictive value of the dependent variable cannot be beyond 0 and 1, it
violates the definition of probability. Since the goal of the model is to
determine the probability between 0 and 1 that a drug candidate could

successfully be approved, logistic regression was chosen.

3. Additionally, the dependent variable is not continuous but discrete so other

regression analysis such as linear multiple regression cannot be used.
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To evaluate the goodness of fit and the performance of the model, the following

techniques were used:

1. Effect Likelihood Ratio Test- Reject the null hypothesis if the p-value is less
than 0.05.

2. ROC Curve - The receiving operating characteristic measures the area under
the ROC curve, or AUROC. The measurement ranges from 0.50 to 1.00, and
values above 0.80 indicate that the model has a higher predictive probability

in selecting between the two categories which include the target variable.

3. Odds - Probability of event divided by the probability that the event will not
occur. The higher the probability, the greater the odds that event will occur.

4. Odds Ratio - a measure of association between exposure and an outcome

Multiple logistic regression was performed initially given that there are more than one
independent variables. Eliminating variables with low probabilities as compared to
p-value of greater than 0.05, none of the variables remained significant, making the
model a weak model with low predictive probability. Given that the t-test and the
Wilcoxon tests performed indicated that five of the independent variables were
statistically significant, root cause to discrepancy was determined. In speaking with
experts with a biostatistical background who also utilize similar statistical software, they
confirmed that loss of degree of freedom as a result of fewer variables with small data
size which leads to low precision and higher p-values is the cause of the observation.
Given that for multiple logistic regression, independent variables with low probabilities
have to be eliminated and the focus of this praxis is to determine how individual variables

contribute to the overall approval process with their respective predictive specificity, the
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recommendation was to perform simple logistic regression for each of the independent

variables (Hanck, 2015).

Table 3-3: Normality Test Results

Independent Variables Normality Test S;;Stsrﬂ)c;l
Number of Participants Non-Normal Wilcoxon Test
Complete Response Normal Sample t-test
Partial Response Normal Sample t-test
Stable Response Normal Sample t-test
Progressive Response Non-Normal Wilcoxon Test
Overall Survival Rate (6M) Non-Normal Wilcoxon Test
Overall Survival Rate (12M) Normal Sample t-test
Overall Survival Rate (24M) Normal Sample t-test
Overall Survival Rate (36M) Normal Sample t-test
Overall Survival Rate (48M) Normal Sample t-test
Overall Survival Rate (60M) Normal Sample t-test
Severe Adverse Event Normal Sample t-test
Number of Prescriptions Non-normal Wilcoxon Test
Unit reimbursed Non-normal Wilcoxon Test
Easy of drug application Non-normal Wilcoxon Test
Drug preference Non-normal Wilcoxon Test

3.3 Methodology for Evaluating Utilization Data for Competitive Advantage

One hundred randomly selected commercial drugs from the Medicaid Drug
Utilization database were analyzed to determine whether there is any statistical difference
in market variables between new innovative drugs and their generic counterparts. The
difference would allow one to identify the competitive factors that generic drugs employ
to outperform new innovative drugs. The data was further analyzed to confirm any

statistically significant difference between independent variables such as number of
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prescription units reimbursed, ease of use, packing size and therapeutic area of
preference. Other variables including pricing, R&D cost, time of entry, the advantage to
focus on particular disease areas and operating like a smaller company were identified in
literature review as contributing factors to new drug development but there was no
available data to confirm that hypothesis; therefore, the variables were excluded from the
analysis. Statistical methods such as Wilcoxon test and tabulation were used to analyze

the data to determine any significant advantage generic drugs have over brand drugs.

To evaluate the Wilcoxon Test, the absolute value of the t-statistic between brand and
generic drugs were analyzed as compared to a significance level of 0.05. Also, tabulation
comparisons were performed to identify any patterns and clusters within the commercial
data that would indicate any preference between new innovative drugs and their generic

counterparts.

Results for the predictive model using Phase 1l clinical trial data is shown in
Chapter 4. Also, results for mean test using sample t-test and Wilcoxon test to determine
the difference between successful and failed drug candidates for individual variables are
shown in Chapter 4. Summary of results for further evaluation using drug utilization data

are illustrated in Chapter 4.
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Chapter 4. Results and Discussion

4.1 Mean Test and Predictive Model Results

The results of the sample t-test and Wilcoxon test, which were used to test differences
among the means of the independent variables, are shown in Figure 4-1 through Figure
4-5 for independent variables that were statistically significant and Table 4-1 for all
variables. The sample t-test and Wilcoxon test were performed to assess the significance
of one factor by comparing the independent response variable means. The null
hypotheses 1 and 2 of the analysis states that all independent variable means are equal
and the alternative hypothesis 1 and 2 is that at least one mean is different. Out of the 17
variables analyzed, six of the variables including the number of participants, complete
response, 24, 36 and 48-month overall survival rates, and package size were statistically
significant as compared to a significance level of 0.05. The result demonstrates that
number of participants, complete response and longer contact time for 24, 36 and
48-month survival rates are critical to the drug approval process for cancer drugs. Given
that successful drugs had a higher overall mean for number of participants suggests that,
for new drugs, to increase their likelihood of approval, a higher number of participants
have to be recruited. Higher number of participants indicate a close representation of the
population and the possibility that most undesirable symptoms and safety issues that may
occur post-approval will be noted and well documented. Additionally, given that
complete response is the absence of any detectable tumor demonstrates how effective the
drug is and its relationship with the drug approval status. The results further indicate that
longer contact time which represent 24, 36, 48-month overall survival rate is critical to

the approval process of cancer drugs. Looking at the trend, 60-month survival rate was
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expected to be statistically significant but given that 60-month was the final month; most
candidates may have dropped out of the clinical studies due to a better or bad response,
hence the insignificance of 60-month survival rate. Package size between new innovative
drugs and generic drugs was significant, indicating that higher emphasis is needed on the
design of drug packages during the development process. In all, generic drugs had
smaller package size than brand new drugs; this means that generic drugs use smaller

package size to outcompete brand new drugs.

The mean test which was performed to test hypotheses 1 and 2 indicates that the
mean difference for six independent variables was statistically unequal and therefore the
null hypotheses 1 and 2 are rejected while the alternative hypothesis 3 was accepted.
Independent variables including partial response, stable disease, progression disease,
6-month, 12-month, and 60-month overall survival rates, serious adverse events, number
of prescriptions, units reimbursed shown in Figure A- 1 through Figure A- 7 did not
indicate any statistical significance. Although these variables did not show any statistical
significance, increasing partial response, which is a decrease in cancer tumor by at least
30 %, is an indication of drug effectiveness and good for new drug approval. Also, a
decrease in stable response which represents neither increase nor decrease in cancer
tumor and progressive response which represents 20% increase in cancer tumor, is good
for drug effectiveness and may increase the likelihood of a new drug approval. A
decrease in severe adverse events may also increase the likelihood of new drug approval
given that high severe events is an indication of serious safety issues with the new drug
and, therefore, low likelihood of new drug approval. The number of prescriptions, units

reimbursed, ease of use and drug preference will be discussed in Section 4.2.
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Table 4-1: Summary of Sample t-test and Wilcoxon Test Results
P-Value(Compare Result

Independent Variables Statistical Method to P-Value of 0.05) |Interpretation
Number of Participant Sample t-test 0.01 Significant
Complete Response Sample t-test 0.03 Significant
Partial Response Sample t-test 0.40 Not Significant
Stable Response Sample t-test 0.97 Not Significant
Progressive Response Wilcoxon Test 0.65 Not Significant
Overall Survival Rate (6M) |Wilcoxon Test 0.88 Not Significant
Overall Survival Rate (12M)|Sample t-test 0.59 Not Significant
Overall Survival Rate (24M) [Sample t-test 0.05 Significant
Overall Survival Rate (36M)|Sample t-test 0.05 Significant
Overall Survival Rate (48M)|Sample t-test 0.01 Significant
Overall Survival Rate (60M)|Sample t-test 0.26 Not Significant
Severe Adverse Event Sample t-test 0.24 Not Significant
Drug Unit Reimbersed Wilcoxon Test 0.17 Not Significant
Number of Prescription Wilcoxon Test 0.06 Not Significant
Package Size Wilcoxon Test 0.05 Significant
Disease Preference Tabulation N/A N/A

Ease of Use Tabulation N/A N/A

Logistic regression analysis was performed to further validate the significance of the
independent variables and to determine the predictive probability of new drug candidates.
To determine whether the association between the response (successful/failed) and the
corresponding independent variable for each of the drug candidates can predict the
likelihood of drug approval, a binary logistic regression was performed. The null
hypothesis is that the term's coefficient is equal to zero, which indicates that there is no

association between the independent variables and the response.

Given that the sample t-test and Wilcoxon test results indicated that five (package
size was excluded from the predictive model due to the fact that package size is not a data
collected during clinical trials) variables were statistically significant, indicating the

likely correlation between the independent variables and the drug approval status, logistic
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regression analysis was performed with the expectation that the five variables will
indicate strong and highly predictive probability. As shown in Figure 4-7 to Figure 4-11,
the predictive curve for the six independent variables is consistent with the standard
logistic regression curve. The overall model for the five variables was statistically
significant as compared to a significance level of 0.05, indicating a strong model with
high predictive power. Also, the area under the curve (AUC) which represents the level
of predictive accuracy (0.5 to 1, highest predictive accuracy at 1) of the model for the six
variables ranges between 0.8 to 0.9, indicating higher predictive accuracy (Baidoo &
Priestly, 2016). This suggests that the six independent variables contribute significantly
to new drug approval success with a high predictive accuracy and, therefore, need more
emphasis in the overall objective function for new drugs. As shown in Table 4-2, the
remaining 11 variables had high p-values greater than 0.05 with low AUC, indicating a
weaker model with low predictive accuracy. Although it is a requirement in clinical trials
that data for all variables defined in the clinical trial protocol be met, prioritizing on the
five variables will enable early entry of product to market and also reduce the decision-
making time as to when product needs to proceed to the next phase. Reducing the
decision-making time will help to free up resources which would otherwise be locked up

in a long and costly clinical trial.
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Figure 4-9:  Nominal Logistic Fit for 24-Month Overall Survival

Logistic Fit of Drug Categorized By 36 months overall survival
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Figure 4-10:  Nominal Logistic Fit for 36-Month Overall Survival
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Logistic Fit of Drug Categorized By 48 months overall survival
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Figure 4-11:  Nominal Logistic Fit for 48-Month Overall Survival

The results indicate that the t-test/Wilcoxon test and logistic analysis results
complement each other given that both statistical methods concluded that independent
variables including a number of participants, complete response, 24-month, 36-month,

48-month significantly influenced the approval status of drug candidates.

To estimate the probability of success or failure for each of the drug candidates in
relation to the independent variables, the logistic curve equation as indicated in

Equation 4-1 was used:

p e Fra Xy t-anyx, ) 4-1

1 4+ elFrag X +tnyx, )
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Where P = Probability, # = estimated constant for the intercept, o, = estimated coefficient

for independent variable, X,= independent variable response value

Based on the intercept and coefficient for the individual independent variable calculated
using JMP statistical software, the probability for each of the drug candidates were

calculated as shown in Table 4-2.

Table 4-2: Logistic Regression Results

Independent Intercept (f) | Coefficient | Logistic Regression curve P-Value/AUC Model Type
Variables (a) equation

1
p= 14 e~ (BtaX)

Numberof -3.3 0.224 1 0.0073/0.83 Strong/ TPredictive Probability
173 0.14 1 0.021/0.815 Strong/ Predictive Probability
1 4 g—(-173+0.4X)
Partial Response 0.935 -0.066 1 0.281/0.615 Weak/ | Predictive Probability
Stable Response -0.15 0.007 1 0.898/0.51 Weak/ | Predictive Probability
Progressive Response JRIKE: 0.014 1 0.616/0.565 Weak/ | Predictive Probability
Overall Survival Rate JE¥S] 0.022 1 0.419/0.475 Weak/ | Predictive Probability
(6M) 17 ¢-Cissroozn)
064 0.014 1 0.566/0.54 Weak/ | Predictive Probability
(12M) 1+ g-(-0639+00135%)
Overall Survival Rate Wy 0.06 1 0.039/0.75 Strong/ TPredictive Probability
(24M) 1+ g-(-177+0.055%)
Overall Survival Rate J¥%] 0.071 1 0.035/0.76 Strong/ TPredictive Probability
(36M) 1+ g-(-153+0.07X)
Overall Survival Rate [E/W] 0117 1 0.004/0.84 Strong/ 1Predictive Probability
(48M) 1+ g (2274012
081 0.04 1 0.231/0.68 Weak/ | Predictive Probability
(60M) 1+ g-(C0812+00397X)
Severe Adverse Event [V -0.0288 1 0.205/0.65 Weak/ | Predictive Probability

As shown in Table 4-2 the five variables that indicated a correlation with drug approval
success had a strong and high predictive accuracy as compared to variables that were not
statistically significant. Further analysis of the probabilities calculated for the

independent variables with high predictive accuracy as shown in Figure 4-12 through
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Figure 4-16 and Table 4-3 demonstrates that drug candidates with success approvals had

a higher average probability of approval than drug candidates with failed approvals.

Table 4-3: Probability for Drug Compounds

CandidateDrug ~ Number of Complete Amonth  36month  48month  Approval

Compounds Participants Tesponse OSR OSR ORS Status
(D1 0.803 0.385 0.507 0.508 0.372 Success
(D2 0.675 0.657 0.611 0.578 0.682 Success
D3 0.624 0.688 0.507 0.646 0.515 Success
(D4 0.940 0321 0.248 0.211 0.227 Success
(D5 0.352 0.854 0.813 0.850 0.907 Stccess
(Do 0.975 0.625 0478 0.561 0.515 Success
cD7 0.181 0.854 0.939 0.930 0.973 Success
(D8 0.975 0.522 0.652 0.722 0.774 Success
CD9 0.302 0.19 0.226 0.189 0.114 Fail
(D10 0.257 0.385 0.552 0.249 0.155 Fail
(D11 0.124 0.212 0.552 0.508 0.573 Fail
(D12 0.150 0.291 0.226 0.189 0.114 Fail
(D13 0.302 0.169 0.161 0.306 0.103 Fail
(D14 0.257 0.151 0.187 0.263 0.093 Fail
(D15 0.675 0.886 0.652 0.403 0.917 Stccess
(D16 0.352 0.488 0.582 0.646 0.860 Success
(D17 0.217 0.352 0.433 0.841 0.399 Fail
(D18 0.515 0.591 0.774 0.306 0.794 Fail
(D19 0.765 0418 0.717 0.435 0.227 Fail
(D20 0.571 0.922 0.237 0.646 0.636 Fail
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To validate the model, odds in favor of the drug approval occurrence for independent
variables with strong probability accuracy was calculated. Odds were calculated by
dividing the probability that the event will occur by the probability that the event will not
occur (one minus the probability that the event will occur). As shown in Table 4-4, odds
for drug compound with higher probabilities were high, confirming with a higher
likelihood that the approval may occur compared to lower odds for drug compounds with
low probabilities, confirming the lower likelihood that approval may occur (odds range

from zero to infinity, the higher the number, the better the odds).
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Table 4-4: Odds for Drug Compounds Approval

Candidate
Drug Numberof | Complete | 24 month 36 month 48 month
Compounds | Participants | response OSR OSR OSR Approval Status

CD1 4.1 0.6 1.0 1.0 0.6 Success
CD2 2.1 1.9 1.6 14 2.1 Success
CD3 1.7 2.2 1.0 1.8 1.1 Success
CD4 15.6 0.5 0.3 0.3 0.3 Success
CD5 0.5 5.9 4.3 5.7 9.8 Success
CD6 38.2 1.7 0.9 1.3 1.1 Success
CD7 0.2 5.9 15.3 13.3 35.5 Success
CD8 38.2 1.1 1.9 2.6 34 Success
CD9 0.4 0.2 0.3 0.2 0.1 Fail
CD10 0.3 0.6 1.2 0.3 0.2 Fail
CD11 0.1 0.3 1.2 1.0 1.3 Fail
CD12 0.2 0.4 0.3 0.2 0.1 Fail
CD13 0.4 0.2 0.2 0.4 0.1 Fail
CDh14 0.3 0.2 0.2 0.4 0.1 Fail
CD15 2.1 7.8 1.9 0.7 11.0 Success
CD16 0.5 1.0 14 1.8 6.1 Success
CD17 0.3 0.5 0.8 5.3 0.7 Fail
CD18 1.1 1.4 34 0.4 3.8 Fail
CD19 3.3 0.7 2.5 0.8 0.3 Fail
CD20 1.3 11.8 0.3 1.8 1.9 Fail

To determine whether drug compounds with lower probabilities can improve their
odds in Phase 111 to increase their chances of approval, probability values were increased
by 10% in order to calculate the odds ratio. Odds ratio (OR) of 1 indicates that there is an
equal likelihood that by increasing your odds or not increasing the odds, the new drug
will get approved. OR greater than 1 indicates that increasing the new drug probability
provides a higher likelihood of approval. Probability of an OR less than 1 indicates that
increasing the drug compound’s probability does not necessarily increase its likelihood of

approval.

As shown in Figure 4-17 through Figure 4-21, increasing the probability for drug
compounds with relatively high odds does not increase its likelihood of approval but

rather increasing the probability of drug candidates with low odds increases the
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likelihood of occurrence. This demonstrates that drug compound with a low likelihood of
approval at Phase Il could increase their likelihood of approval at Phase 111 by recruiting
more participants to improve their complete response and signing participants early in the

clinical trial studies for long-term durations.
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Figure 4-18: Odds versus Odds Ratio for Complete Response
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4.2 Results using Utilization Data
The results from the Wilcoxon test and tabulation plot performed to identify market
variables including number of utilizations, total reimbursement, packing size, ease of use

and disease area of preference as shown in Appendix A, suggests the following:

1. Wilcoxon test results as shown in Table 3-3, figures A-8 and A-9 indicates that
independent variables including units reimbursed and number of prescriptions are
not statistically significant between brand new drugs and generic drugs. Although
not statistically significant, the mean for brand drugs was higher as compared to
generic drugs given the 1:2 ratio between brand drugs and generic drugs. Given
that there were more generic drugs than brand drugs, it was expected that the
number of prescriptions and units reimbursed for generic drugs should be higher
than brand drugs but that was not the case. This occurrence suggests that either
brand drugs are priced higher or health physicians prescribe more brand drugs

than generic drugs.

2. Wilcoxon results, as shown in Table 3-3, indicate that package size was
statistically significant between brand and generic drugs, indicating that drug
package size is a competitive factor. Generic drugs have smaller package size

than brand drugs.

3. Tabulation plot results, as shown in Figure 4-22, for drug application ease of use
indicates that both generic and brand drugs use mostly oral applications because
of ease of use over any other drug application type. This indicates that both
generic and brand drug developers place more emphasis on ease of drug

application to provide patients with ease of use in order to decrease the cost of
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patients visiting hospitals for drug application. Also, the tabulation plot for drug
preference suggests that both generic and brand drug developers have no disease

preference as shown in Figure 4-23.
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Drug Categary
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Chapter 5: Conclusions

51  Conclusion

Drug development is extremely expensive, and there are so many perspectives for
predicting drug approval status in order to increase the market exclusivity period by
bringing a new drug to the market early for new drug manufacturers to recoup the money
they have invested in Research and Development. Statistical modeling using clinical data
has the likelihood of predicting drug success early in the development phase to prevent
the cost of indecision where new drugs stay in development for a long period of time and
still fail to obtain approval. However, because there is less data for comparative analysis,
such models are not often used to determine approval status (success or failure) at the
early phase of the development process where the majority of cost is incurred. The
ability to identify areas within the drug discovery, development, and commercialization
phases by analyzing available data using six sigma and statistical tools to determine areas

of improvement was the strategy adopted to complete this process.

The predictive model developed in this praxis with the statistical techniques indicates
that the size of the patient population participating in the clinical trials and drug activity
measured by complete response was most strongly associated with drug approval. This
further indicates that a high number of patients is a close representation of the general
population and relate more to the various segments of the population with adverse effects
of the drug. Given that complete response correlates with the absence of all detectable
signs of the disease, a higher complete response is an indication of the measure of the
efficacy of the drug. With a greater percentage of the clinical trial participants showing

higher signs of complete response, this is an indication that the drug is on the right track
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for approval. Based on the results for the predictive probability calculated, the possibility
of developing a standard model with stable intercept and constants from common
therapeutic areas to predict and track drug progress is feasible. Additionally, overall
survival rate at 24, 36 and 48 months showed significant correlation with drug approval
status; this is an indication of the time it takes for the drug to fully react with the disease
target in order to indicate a significant response. This also indicates that for some
candidate drugs, longer contact time is needed between the molecule and the disease
target for the new drug to show its effectiveness. Although the longest contact time of
60 months did not indicate statistical significance, from expert judgment, the occurrence
could be a result of patients withdrawing from the clinical trial knowing the outcome of
the results after having been on the drug for that length of time. Although clinical
Phase Il was identified as the limiting phase with a low probability of approval and,
therefore, the optimal phase to develop the efficient model, developing models for all
phases of the clinical trial to identify the appropriate factors that could be minimized or

maximize proactively would help reduce cost and trial time.

Literature review indicates that for brand drugs to have a competitive advantage over
generic drugs, the ability to control variables including focusing on particular disease
areas and being specific about value proposition would ensure a sustained longevity and
high productivity in the pharmaceutical business. The ability to effectively model the
drug prices, identify the least ease of patients’ use, appropriate time of product entry and
cost of R&D, would provide high leverage and profound competitive advantage after the
market exclusivity period. Given that there is no tradeoff for the only drug on the market,

the ability for brand drugs to align business propositions by focusing on specific drug
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areas, lower prices due to patient loyalty and high demand for brand drugs would be a
win-win for both patients and the pharmaceutical industry. Further evaluation of
commercial utilization data to confirm the variable identified in literature review suggests
that generic drugs strongly use lower drug prices and smaller package size as a

competitive advantage to outperform brand drugs.

5.2 Contributions

The major contributions of this research are as follows:

1. Enable scientists and researchers to place a high emphasis on the following
independent variables during the planning phase for clinical trials and drug

development:

e Number of participants
e Complete response
e Longer contact time (overall survival rate)
e Package size
e Ease of drug application
2. Make early risk-based decisions on new drug approval status to enable better

resource allocation and increase market exclusivity period

3. Early decision making will also free up resources for other unmet medical needs

to be considered to resolve the issue of new drug shortage

5.3  Future Research Directions
Based on the findings from this research, the following are the future research

directions:
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To build a similar model of other therapeutic areas in order to determine whether
the same independent variables control the drug approval process. This will help
researchers to ensure that collective mitigations are put in place to address the

issue of low productivity in drug discovery.

To redevelop this model with a more independent variables to determine which

independent variables are truly controlling the drug approval process.

Future research work should look at increasing the sample size of drug
compounds so that the data closely represents more of the market instead of a

subset of a few number of drugs.

More market variables, including pricing and cost, should be included in any
future work to determine the impact of market factors in drug development. Given
that new drugs either fail in development or on the market suggest that not only
drug quality attributes should be of a concern to researchers but also competitive

factors that control the market.

With the probabilities for independent variables determined, developing a risk-
based matrix indicating the impact severity of each variable, how easy to detect
failure and mitigation to address variables with high risk of failure could provide
an effective guideline for the pharmaceutical industry to handle new drug

candidates with low probability of approval in Phase 11 of the clinical trials.
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Figure A- 4:  Wilcoxon Test Results for 6 Months Overall Survival by Drug Status
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