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ABSTRACT

We introduce and describe an evidential-based approach
to drug development decision making. The approach
treats decision-related data as evidence for or against
pursuing competing development alternatives. A benefit
of the proposed evidential approach is that decision
makers are not forced to provide data, as in traditional
decision analytic approaches, that are not available or
cannot be obtained from reliable sources. As a
consequence, the described approach is able to give better
insight into the impact of assumptions, approximations,
and uncertainty on multi-million dollar decisions. A
summary of results from using an evidential approach to
help identify false positive and false negative results is
presented.

Keywords:  Decision Support, Evidential Reasoning,
Portfolio Management, Pharmaceutical, Risk
Management, PharmAssist™.

1. Introduction

The biopharmaceutical industry spends 15% of sales
annually to discover and develop new drugs. While the
total dollar investment in research and development
continues to grow, the sales return for capitalized R&D
has fallen to 0.85 (2003) from 2.5 (1980) * It has been
reported that the cost and time to develop a successful
drug now exceeds $850 million and takes ten to fifteen
years, while the failure rate for drug development is
currently more than 90%.>®  This trend in growing
inefficiency cannot continue without dire consequences
to the industry and to human health care.

Significant cost savings and reduced business and health
risks can be achieved if weak drug candidates are
identified and dropped from the development pipeline
earlier and faster than is currently the practice. In a
published report, The Boston Consulting Group states®,

“...If a company were able to decide in just one out of ten

.. cases against pursuing a target in the first place, it
would save as much as $100 million per drug ... As for
INDs that fail clinical trials, if the company was also able
to decide in just one out of ten cases to abandon
development earlier, it could save an additional $100
million per drug.”

While there are many reasons for the high cost and failure
rate of drug development, it is clear that even a marginal
improvement in deciding which drug candidates to
develop (or not develop) can result in a huge ROI and
reduced risk.

A recent market survey revealed that biopharma
perceives the greatest challenge (i.e., “pain”) to making
effective drug development decisions is identifying when
and the extent to which assumptions, approximations, and
guesses can impact multi-million dollar decisions.’ The
same survey revealed several additional challenges to
reducing the risks associated with making decisions that
include

o the lack of a structured and systematic process by
which the variability in the uncertainty associated with
making particular decisions can be quantified and tracked
o identifying the decision parameters that warrant closer
scrutiny and deliberation

o accelerating and facilitating cross-functional and
inter-department decision making



Biopharma’s current approach to addressing these issues
varies between company, department, function, and
corporate philosophy. Some, such as the previous Smith
Kline Beecham, now part of GSK, have advocated, since
the late 1990s, a more formal process-oriented and
traditional decision analytic approach to decision
making.® Some business and finance departments within
biopharma companies base drug development decisions,
in part, on calculations from well known asset valuation
formulas such as NPV, ENPV, and so forth.” Yet others
use methods and approaches ranging from using
commercial decision software such as CrystalBall and
DPL through in-house developed software and
spreadsheet calculations.

Companies continue to try to systematically evaluate the
scientific, economic, political and corporate factors
necessary to make optimal business decisions. To assist
with this difficult process, an increasing number of
companies are starting to employ decision-support
methodologies that are based on traditional probabilistic
techniques. These techniques are used to help determine
next steps on everything from advancing lead
compounds, in- and out-licensing, selecting clinical trials
to pursue through managing the corporate portfolio.

Some wusers of traditional decision analytic and
probabilistic technologies are perhaps aware of the
requirements and assumptions that the calculus requires,
but they struggle to satisfy them. Unfortunately, many are
unaware of the requirements and assumptions one must
adopt before credible results can be obtained.

In practice, when decision makers are forced to provide
data that are lacking or are of unknown reliability they
will often adopt approximations or unwarranted
assumptions or even make guesses to fill in the missing
data. This can lead to poor analytic results that reflect a
convergence of good and speculative data, imperfect
assumptions, guesses, and approximations. These
analytic results in turn influence decision makers to
pursue, or not pursue the development of drug candidates.
Poor analytic results can cause what might be called
decision “blind spots” with respect to discerning
promising from weak drug candidates. When multi-
million dollar decisions hinge on having accurate
probabilistic estimates, then it behooves one to
understand these requirements and assumptions, and to
become aware of sound and proven state-of-the-art
technologies that can address important issues related to
these and other aspects of decision-making.

Here, we describe a state-of-the-art “evidence-based”
approach to making decisions that can be employed at
any and all stages of the drug develop process. The term
“evidence” follows from the fact that the data and
information used to make decisions cannot always

“pinpoint” the optimal decision. Rather, often a more
appropriate view is that such data are best treated as
evidence that tends to support or refute, to varying
degrees, probabilistic arguments for choosing between
competing alternatives. The approach described here
exploits this notion in a mathematically sound and proven
manner, and within a computational environment that
allows one to readily and intuitively

e quantify the degree to which assumptions and
approximations might impact decisions

o identify which decision parameters deserve the
greatest or least attention

o facilitate a structured cross-functional and inter-
departmental approach to decision making.

2. The Probabilistic Challenge

We begin describing the requirements for improved
decision making by summarizing some of the
requirements for using traditional decision analytic and
probabilistic approaches.

It is well know that traditional probabilistic approaches to
decision making require providing complete statistical
data before a probabilistic assessment can be produced. In
other words, the probabilities of every possible value of
each factor (or parameter) that is deemed relevant to
discerning which drug development alternative is most
appropriate  to pursue must be obtained, derived,
computed, or approximated. For example, suppose future
sales and market position at the time a drug candidate is
approved are two of many important and complex factors
for assessing the probability that a drug candidate merits
continued development in a company’s pipeline. Further
suppose that the possible values for future sales are low,
medium, and high, and that the possible values for market

Prob

0 "Low Med High
Sales

Figure 1: Example probability distribution for the
sales factor.

position are first, second, and third. Before a probabilistic
estimate can be produced, the probability that future sales
will be low, the probability that sales will be medium,
and probability that sales will be high must be specified.
This probability specification is commonly called a
probability distribution (pd) that is illustrated for this



example in Figure 1. A pd must be specified for market
position as well as is the case for all remaining factors
being considered.

In practice, the complexity of the real world precludes us
from always knowing which pd should be used for each
factor. The probability of future sales of a drug typically
depends on many things. These include, but are not
limited to, future population, disease, and income
demographics as well as the political climate and the cost
of drugs to the consumer. The influence of these factors
as well as other factors must somehow be captured in the
pd that is used to specify the required probabilities. Such
pds are extremely difficult, if not impossible, to calculate.
What do people do if they cannot specify all of the
required pds? Some will guess at a distribution to use, or
use pds that were used in the past. At times a uniform
distribution will be used to convey total ignorance about
the probability estimates for each possible value of
parameters such as sales, see (Figure 2a). Others might
use a normal distribution if it is believed it will reflect the
probability of a future market position (see Figure 2b).

Indeed there are an infinite number of distributions one
can choose from, but only one is the correct distribution.
Any other distribution will be inaccurate to varying
degrees. Consequently, guessing at which pd to use will
in all likelihood result in selecting a non-optimal pd. One
might argue that it is sufficient to use a pd that is “close
enough” to the true pd. How can we assess “close
enough” in the absence of the true pd or if previous
“similar enough” situations do not exists that would allow
extracting reliable statistics? Of course, if we had the true
pd, there would be no need to make guesses or
approximations! In practice, we will likely never know
the true distribution of all complex and critical factors.

Later we will describe how a particular calculus that is
employed by a commercial product called PharmAssist™
can quantify the degree to which guesses or assumptions
about probabilistic estimates might impact multi-million
dollar decisions. PharmAssist™ can also help decision
makers identify which parameters to focus on to lower
risks.

One alternative to making educated guesses at selecting a
pd is to use Monte Carlo simulation techniques to derive
the desired probability distribution. Unfortunately, even
Monte Carlo methods require specifying a pd, or in the
case of factors that range over a continuous numeric
scale, a probability density function (pdf) for each
modeling parameter. Which pdf or pd should be used?
Once again, if the existing distribution, (normal, uniform,
triangular, and so forth) adequately specifies the
probability of a factor’s possible values, then an accurate
result can be obtained. Once again, in practice, most will
pick “some” distribution and trust that the drug
development decision that will be made based on the

results from guesses or approximations made in either
Monte Carlo simulations or other probabilistic methods
will not result in an undesirable influence on decisions.

Prob

0 TLow Med High

Sales

@

1

Prob
0
1st 2nd 3rd
Market Position

(b)

Figure 2: (a) Example uniform probability
distribution for the sales factor. (b) Example normal
distribution for market position factor.

Another well known method that can be used to help deal
with uncertainty about a pd or pdf is the use of second
order probabilities. Second order probabilities are
probabilities about probabilities, sometimes called meta-
probabilities. One specifies a second order probability, or
a distribution for each pd that one is trying to specify for
each decision parameter. Analytic calculations would
result in not only a probabilistic assessment of the
decision alternatives, but a “second order” probabilistic
estimate that characterizes the likelihood that the
assessment of each decision alternative is correct. Using
second order probabilities, however, simply defers the
inevitable need to determine a meta-probability number
or meta-pd about the original pd for parameters.

We believe a more desirable approach to making drug
development decisions is, from the start of the decision
making process, to not force users to provide statistical
data that are not available or from credible sources.
Rather, we propose using analytic technologies that can
provide accurate results about what is and is not truly
known. In the following section, we introduce



PharmAssist™ and the notion of an evidential-based
approach to decision making.

3. An Evidential Approach

The origins of the topic of evidential reasoning and an
evidential-based approach to decision making can be
found in the upper and lower probabilistic work of Arthur
Dempster® and the belief function (BF) work of Glenn
Shafer®.  This work formed the basis of evidential
reasoning (ER).

A belief function primer:

Within the BF calculus, possible answers to questions
like “What should be done with the current drug
candidate?” are represented as a set of interrelated
propositional statements, called a frame of discernment
(FOD) or simply a frame. Elements within a frame
represent a mutually exclusive and exhaustive set of
propositions that can be viewed as possible answers to
some question of interest. For example, a discrete
“DRUG CANDIDATE” FOD ©={DROP, SHELVE,
OUT-LICENSE, ADVANCE} might be used to represent
possible answers to the above question. FODs can also
be represented on a continuous scale, say from 0 to 100.
Propositions in a continuous representation might be one
or more sub-intervals of the interval [0,100]. For
example, the interval [34,56] in a continuous DRUG
CANDIDATE FOD might correspond to the proposition
“The potential of the current drug candidate to address
the disease of interest is between 34 and 56.” The choice
between a continuous or discrete FOD depends on the
form of the answer that is desired by the user. For
simplicity, the discrete FOD above will be used to
introduce the belief function calculus without loss of
generality.

Discerning the true proposition in a FOD involves
acquiring and combining opinions about the truthfulness

or falsity of subsets of ® from distinct sources.
Sources of information can range from statistical data
obtained from  previous results, through subjective
estimates of things like the potential therapeutic index,
and competitor’s progress on the same mechanism.

In practice, a single body of information will not always
directly suggest the truth or falsity of propositions in a
FOD . Rather, input information (called an opinion) is
often expressed in terms of propositions in a frame that is
distinct from and indirectly related to possibilities in the
DRUG CANDIDATE frame ® . Before a consensus can
be formed about the true proposition in the DRUG
CANDIDATE frame, opinions that are specified in
indirectly related FODs must be first translated to the
DRUG CANDIDATE frame. The relationships between
propositions in different frames are represented as a
compatibility relation (CR) that is defined to be

CR:2° 2% Eqg 1

where every mapping from p € 2° to qe 2% means

that if p is true then it is possible that ¢ can be
simultaneously true, and vice versa. The notation

2° refers to the power set of ® and represents all
possible combinations of elements of ®, including the
universal (everything) and the null set (nothing, &).

To illustrate this, consider the DRUG CANDIDATE and
REGULATORY HURDLES FODs and compatibility
relation that is shown in Figure 3. The presence of a link
between propositions in distinct FODs means that the
propositions can be  simultaneously true or
simultaneously false. In this example, if the Regulatory
hurdles are "High", then it is possible (not necessarily
probable) that the potential of the current drug candidate
is "Low" or "Medium", but not "High". Similar
interpretations can be made for other links. The absence
of a link means that the compatibility relation does not
support evidence that the propositions can be
simultaneously true or false.

REGULATORY DRUG
HURDLES FOD

CANDIDATE FOD

Low Low
CR
Medium :/ Medium
High / x High

Figure 3. Example compatibility relation between the
REGULATORY HURDLES and DRUG CANDIDATE FODs.

To assess the likelihood that propositions in the DRUG
CANDIDATE FOD are true or false, opinions about the
truth or falsity of propositions in related FODs, such as
REGULATORY HURDLES, TOXICITY, and so forth
must be obtained and translated to the DRUG
CANDIDATE FOD. Once these opinions have been
translated to the DRUG CANDIDATE FOD, they are
com7bined into a composite estimate using Dempster’s
rule’.

To accomplish this, each source of an input opinion has a
unit of mass m that can be attributed to subsets of
©® based on the source's perceptions and beliefs about the
truth and falsity of possibilities. The mass m is distributed
as follows:

m(P)=0, Y m(A) =1, and Bel(A)= Y m(p)
AcO® peA
AcO®

Eg. 2



where Bel represents the total mass (or Belief) in support
of the proposition based on the available evidence. One
might be 80% certain that the regulatory hurdles are high.
This opinion can be represented by attributing 80% of the
unit mass to the “high” proposition in the
REGULATORY HURDLES FOD. If a user remains
uncertain about other possibilities, this can be conveyed
by attributing the remaining 20% of the unit mass to the
disjunction ( {Low v Medium v High} ) of all the
propositions in the REGULATORY HURDLES FOD.
Note that this represents a genuine indication of lack of
knowledge rather than the assumed distribution among
the different options as dictated by traditional
probabilistic approaches. Similarly, one might be 60%
confidant that the level of TOXICITY is also high. The
remaining 40% uncertainty can be attributed to the
disjunction of all propositions in that frame. The number
of "input” FODs and compatibility relations depends on
the type of information and relationships among them and
the DRUG CANDIDATE FOD that one desires to model.

Once opinions over the desired related FOD's have been
conveyed, they can be “translated” via compatibility
relations to the DRUG CANDIDATE FOD.

For example, suppose we are 60% certain that the
regulatory hurdles are High. Further suppose that we are
80% certain that the TOXICITY of the drug candidate of
interest is also High as shown in Figure 4. After
translating both opinions through the compatibility
relations CR1 and CR2 to the DRUG CANDIDATE
FOD, a consensus can be formed using Dempster’s rule.
Dempster's rule is used to reach a consensus between two
opinions as follows:

Forall B,,B,,B, 0O,
m,(B,)=(@—k)™ D m (B)m,(B,),

BnB,=B;
where

k=D m(B)m,(B,)<1

BB, Eq. 3

and k represents the total conflict between m; and m.,.
Dempster's rule can be repeatedly applied to the result of
a previous combination (e.g., ms) and the next mass
distribution, if any, to arrive at a new consensus. The rule
is also multiplicative in nature, which means the order of
combination is immaterial and can be carried out in
parallel to the degree supported by computational
hardware.

Opinions that are conveyed, translated, and combined in
this manner induce what is commonly called an
evidential interval within the belief function calculus. An
evidential interval (El) is associated with every
proposition (e.g., “High” potential) A — ® . The lower

(Spt) and upper (Pls) bounds of the interval represent the

minimum and maximum degree of support that can be
attributed to a proposition given the current opinions, and
is defined to be [ Spt, Pls] < [0, 1] where

Sp(A)= Y m(p), and PI{A)=1~ D m(p)

AcO AcO®
peA pe—A Eq. 4

The interpretations of evidential intervals are as follows:

[0,0]: evidence suggests proposition is completely false

[1,1]: evidence suggests proposition is completely true

[n, 1]: evidence suggests proposition is partially true,
for 0O<n<1

[0, n]: evidence suggests proposition is partially false,
for 0<n<1

[n,m]: evidence suggests proposition is partially true and
partially false, for 0<n<m<1

[0,1]: totally ignorant about the truth or falsity of the
proposition

A benefit of using the BF calculus to assess the drug
candidate’s potential is that the EIl associated with each
possibility in the DRUG CANDIDATE FOD allows one
to distinguish the total amount of information (or
evidence) that suggests the corresponding proposition is
true from the degree to which we are ignorant about the
drug candidate’s potential. This measure is captured in
the width of the EI; that is, the Pls - Spt of a proposition.

With this distinction, the use of sensitivity analysis
techniques can be used to help determine which factors,
such as REGULATORY HURDLES or TOXICITY, have
the greatest or least impact on the drug candidate’s
assessed potential.  This provides an opportunity to
identify and address the areas impacting a drug
development decision, thereby improving the quality of
the decision or providing guidance on the areas that
require the most immediate attention before final
decisions are made.

In Figure 4, the mass in the Risk FOD corresponding to
the translation of both the REGULATORY HURDLES
and TOXICITY FODs is specified by the translation
operation. With these two results now expressed in the
same FOD, Dempster's rule can be used to combine them
and form a consensus opinion. In this case, the two
translated mass distributions only "agree" with respect to
the "Low" potential proposition. Dempster's rule
accentuates the level of agreement in the final mass
distribution as shown in Figure 4. The evidential interval
of [0.6,1.0] indicates that the decision maker is justified
to at least degree 60%, and no more than 1.0, that the
potential of the drug candidate is "Low". A more
colloguial way of interpreting this interval is that the
pessimist would believe the potential is "Low" to a
degree of 0.6 because this is the amount of evidence that
supports the proposition, while the optimist would
believe the “Low” proposition completely true because
there is no evidence that contradicts it. The difference



between these two is a measure of the uncertainty that the
potential is Low.

Comparison to Traditional Probabilistic
Approaches To Decision Analytics:

There are several distinguishing aspects between
traditional probabilistic and statistical inference schemes
and the belief function calculus. One aspect is with
respect to the underlying assumptions and requirement
that the sum of the support attributed to disjoint elements
of a space of propositions must be unity. This is reflected
in the mass distribution function m discussed above.
Quite often when statistical data are lacking many
decision makers will use a uniform distribution to convey
their ignorance about the likelihood of parameter values.
The problem is that it might not be the case that the true
probability of propositions is uniform, yet the traditional
probabilistic approach forces us to "pick a probability
value."

Another requirement is the additive law or probability
where the Prob(A) = 1- Prob(~A). At times, it might not
be warranted to assume, in the absence of evidence, that
the Prob(~A) is 0.8 just because there is evidence to
suggest the Prob(A) = 0.2. In other words, traditional

probabilistic and statistical methods require adopting
assumptions and requirements that are sometimes
undesirable or are awkward to deal with when trying to
make complex decisions. This requirement of “the
traditional math,” we posit, can at times lead biopharma
to make inappropriate drug development decisions.

An attractive aspect of the BF and ER calculus is that if
and when complete statistical data happens to be
available, Dempster’s rule gives the same analytic result
as Bayes’ rule produces. In that sense, BF and ER can be
viewed as a generalization of traditional probabilistic
methods.

4. PharmAssist™

PharmAssist™ is a commercially available decision
analytic and portfolio management software technology
that  embraces the ER calculus.™ Unique to the
PharmAssist™ platform is the ability to say, “l don’t
know” for a given input factor. PharmAssist™ can carry
uncertainty forward through the analysis process in a
mathematically sound and justifiable manner. After an
analysis is completed, an explanation of the results can be
requested and displayed so that the user can obtain
guidance about the factors that have the greatest and least
influence on the presented results. The user then has the
option to obtain the additional information needed to
refine and reduce the uncertainty reflected in analysis
results. Once the uncertainties are resolved, the
confidence of the decision increases. If one decides not
to obtain better information, at least decision can be made
with better knowledge about which factors have the
greater potential to negatively impact decisions.

DRUG CANDIDATE
FOD

Low

CR1 5048 {Low v Med}

Medium

P

m=0.2 Unknown

TOXICITY FOD

Low

m=0.2 Unknown
DRUG CANDIDATE

REGULATORY
HURDLES FOD FOD
Low Low m=0.6
CR2
Medium /\ Medium
m=0.6 High High
m=0.4 Unknown m=0.4 Unknown

DRUG CANDIDATE FOD

m(Low) = 0.60 Low
m(Low v Med.) =0.32 [0.60, 1.0]
m(Low v Med v High) = Med.
0.08
[0.0,0.40]
High
[0.0,0.08]

Figure 4. Example DRUG CANDIDATE FOD with
evidential intervals that reflect a consensus of uncertain
opinions about the potential due to regulatory hurdles and
TOXICITY.

PharmAssist™ also employs sensitivity analysis to assess
the degree to which assumptions, and approximations,
and guesses impact decisions. PharmAssist™ provides
the results of such sensitivity analyses in a manner that
can be displayed as illustrated in Figure 5. In a simple
and intuitive manner, the assumptions that matter are the
ones with the greatest disparity between the analysis with
assumptions and the analysis when the assumptions were
removed by “saying | don’t know” as described above.
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Figure 5: Example graph of PharmAassist™ results that
indicate which assumptions are having an impact on analytic
results. The parameters exhibiting the greatest disparity between
the case when assumptions are and are not made are the
parameters of interest.

5. Results

A retrospective analysis of drug development decisions
has been conducted on several well know successful and
failed drugs, one of which was a cardiovascular agent
that was initially approved and launched and then
withdrawn after a few months. This analysis involved
obtaining and inputting FDA data that were available
before the decision under analysis was made. In other
words, no data beyond the decision point were input to
avoid PharmAssist™ taking into account data “after the
fact.” The results demonstrated that PharmAssist™ was
able to identify drug toxicity and the duration of clinical
trials as two parameters that warranted significant
deliberation before moving the above-mentioned
cardiovascular drug into clinical trials. This case is an
example of PharmAssist™ catching a false-positive.
Additional results revealed that PharmAssist™ is capable
of identifying additional false positives and a fewer
number of false negatives.

6. Conclusions And Future Work

The biopharmaceutical industry is well aware of the need
to address its growing inefficiency on several fronts.
Better technologies for screening and assessing new
compounds, more and better assay tests, and so forth.
Among these is a recognition of a need for better
technologies  for  managing the  assumptions,
approximations, uncertainty, and risks that are inherent
with making complex drug development decisions.

We have described an evidential-based approach to
managing decision-related information that removes the
need for decision makers to provide statistical
information that is not available or from credible sources.
As a consequence, the proposed evidential approach to
making drug development decisions provides decision
makers greater insight into how their assumptions might
impact multi-million dollar decisions than is currently
possible using traditional methods.

Some logical next steps for PharmAssist™ include
extending the use of ER techniques and algorithms to
multivariate  analysis, and to provide decision
recommendations given corporate objectives, constraints,
and requirements.
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