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Recent advances in combinatorial chemistry and HTS
techniques have vastly increased the number of new
molecules that can be generated and tested. The chal-
lenge to the pharmaceutical industry is to identify
the potentially useful ones that should be advanced
to clinical evaluation and commercial development.
The ability to identify, rapidly and accurately, the 
issues associated with the ongoing development of
a given candidate are crucial to financial success, yet
pharmaceutical R&D is subject to extreme attrition
because the vast majority of drug candidates discov-
ered will be discarded at some point during develop-
ment [1]. There are many reasons for stopping the 
development of a particular drug and although some,
such as safety, are relatively ‘black or white’, others,
such as commercial viability, are grey in nature.

Those compounds emerging from the initial
screening process proceed through a sequence of 
developmental steps, each of which ends with go or
no-go decision events. As development progresses,
the steps become larger in scope, longer in duration
and significantly more costly to complete than the
preceding ones. Thus, there is significant pressure to

make accurate go or no-go decisions at the end of each
step to avoid further commitment of resources to a
programme that might ultimately fail before com-
mercial realization. Cocchetto and Nardi [2] com-
mented that successful drug development planning
should result in either the drug being approved or jus-
tifiably terminated after the least investment possible.

Termination of development is not always a neg-
ative result; there are many reasons for a company
to cease a development programme, not all of which
are necessarily fatal for the drug. For example, a drug
that shows poor efficacy against the chosen disease
for which it was originally developed could have 
excellent efficacy against another disease. In this
case, the discoverer can exploit their investment by
selling the intellectual property (IP) to another 
company. Smaller companies might not have the 
finances to take a drug through the full development
process or might not have the infrastructure to take
a drug from discovery to launch. Essentially, IP is their
product and they must negotiate with larger firms to
realize the greatest return on their investment by 
licensing or selling the IP. For such companies, the
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target resources carefully to discern the key attributes of a drug candidate and to
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challenge is to balance the escalating costs of taking a
drug to launch against the exponential rise in its value the
further it progresses.

Risk assessment involves the systematic identification and
quantitative evaluation of potential costs and benefits to
control, and thus minimize, risk exposure. In this article,
this approach is extended towards enabling a quantitative
scenario analysis to support the decision-maker in explor-
ing the sensitivity of the process to changes in individual
elements, as well as balancing probabilistic estimates of risk
of failure against potential financial returns.

The research reported in this paper addresses the go
or no-go judgements that are required during pharma-
ceutical development. Monte Carlo simulation, as proposed,
offers companies the possibility of quantifying estimates of
the likelihood of successful development, time to market,
development costs and financial returns, offering the 
potential to optimize expenditure on drug development [3].

We describe how Bayesian networks and Monte Carlo
simulation can be used together to simulate the probability
of success of potential new drugs. Spiegelhalter et al. advo-
cated that a Bayesian perspective be adopted for the
process of drug development as a means of providing
more appropriate and useful tools for aiding decisions 
regarding whether to continue at each stage of a drug 
development programme [4]. Goggin et al. stated that
modelling and simulation have a strong mathematical
foundation and have been used extensively in other areas,
such as the automobile and aerospace industries, in 
addition to the pharmaceutical industry [5]. However,
Rooney et al. commented that the use of simulation is
only now beginning to filter through into the mainstream
pharmaceutical sector [6]. Bayesian analysis makes a
much wider use of probability distributions than tradi-
tional statistical methods, in that not only are sampling
distributions required for summaries of data but they are
also used to represent prior opinion about proportions,
event rates and other unknown quantities. Therefore, the
shapes of distributions become particularly important 
because they represent the plausibility of occurrence of
values in different ranges [7]. Monte Carlo simulation, the
repeated random generation of values for uncertain variables
to simulate a model, was used to populate the probability
distributions contained within the model described here.

Successful pharmaceutical products undergo three
major steps in their life: discovery, development and com-
mercialization [8]. The discovery and development of a
new drug could typically take 12 years and cost US$800
million [9]. Drug discovery is relatively cheap when 
expressed as cost per compound and the challenge is to
sift through the data from many hundreds of thousands
of simple tests to identify and eliminate the compounds
lacking affinity for the chosen target. In drug development,
large sums of money and resources are committed to the
relatively few compounds fulfilling potency, selectivity,
ADME and physiochemical criteria. These are subjected to

extensive preclinical and clinical testing to identify those
most likely to be clinically effective.

A candidate drug is identified by this process and is
then subjected to clinical trial, generally this first phase
would be in healthy volunteers (Phase I) and later in 
progressively larger patient populations (Phases II and III).
The decision to take a candidate drug forward for Phase
II and III clinical evaluation is crucial because these stages
are extremely costly and might be of long duration [10].

The drug discovery process can be divided into six
stages, each of which carries its own specific risks:

Drug discovery
Following successful target evaluation and validation,
compound libraries would be screened using a validated
assay to establish compounds with arbitrarily decided 
potency. Hutchinson commented that of perhaps 10 000
molecules that might be screened as a potential new drug,
only 15 or so might be worthy of further study [11]. These
phases are often referred to as hit identification.

Preclinical studies
The hits identified in the previous process are advanced
through lead identification and lead optimization phases
to identify a candidate with the desired efficacy (in vitro
and in vivo), acceptable ADME properties and without 
detectable toxicity.

Manufacturing
Risks associated with scaling-up from the pilot-scale
batches used to support preclinical studies to the larger
requirements for clinical trials and eventually to the high-
scale production required for commercial supply can include
insufficient quality control and inefficient production con-
trol [12], in addition to potential synthetic issues.

Clinical trials stage
Candidates can fail for several reasons, including lack of
efficacy, toxicity, inadequate clinical trial design, inappro-
priate study populations and inappropriate dosage levels
[3,13]. Ultimately, if the compound lacks efficacy or is 
inferior to competitive products, it could be terminated
and the project could return to the discovery stage [8].

Regulatory evaluation stage
Drug registration and licensing is a costly and lengthy
process involving the regulatory review of a vast amount
of data. Risk factors can include inappropriate or insuffi-
cient data, as well as recent changes in medical or regu-
latory opinion.

Marketing stage
After commercial launch, a new product will be subject to
ongoing post-market surveillance by regulatory agencies [14].
Risks include the appearance of unpredictable, rare adverse
reactions, poor market information, changes to clinical
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practise and the appearance on the market of competitor
drugs, all of which will impact sales.

Although the programme of clinical studies is probably
the most pivotal aspect of drug development, there are
other key activities that proceed concurrently with the
clinical trials, such as formulation development and scale-
up of bulk drug manufacture.

Walley et al. [15] and Bingham et al. [16] described the use
of Bayesian approaches to pharmacoeconomic analysis,
which concerns health economics in the field of pharma-
ceuticals and pharmaceutical policies. Modelling and simu-
lation using Bayesian analysis have also been applied to the
clinical trials phase of drug development for pharmocokinetic
and pharmocodynamic modelling [3,5,7]. Miller argued that
the use of pharmacoeconomic analyses early on in the 
development process (using clinical trial simulation, option
pricing, investment appraisal, threshold analysis and value
of information analysis techniques) can provide useful input
into the design of clinical development programmes, port-
folio management and optimal pricing strategy [17].

Bayesian approaches
What advantages do Bayesian approaches offer?
A Bayesian network is a probabilistic chain model where
probability distributions assigned to nodes in a chart struc-
ture can propagate according to the standard rules of con-
ditional probability inference. In this way, the probability

of observing a given outcome at a node down the pro-
cessing pipeline can be calculated from knowledge of the
states of one or more states of nodes upstream in the
process, using the sequence of cause and effect in the
process structure. From a mathematical point of view, the
proposed model in Figure 1 forms an acyclic graph where
the propagation of probabilities from node to node is
straightforward to calculate analytically.

By using distributions for each nodal state, whether this
is the probability of completing that stage of the process suc-
cessfully, the time required for completion or the task cost,
it is possible to encode the uncertainty about the knowledge
that is fed into the model. A major strength of this approach
is that it will predict a distribution of outcomes for any given
node in the model, rather than making point estimates from
what is reasonably expected to be a broad, and sometimes
multimodal, distribution of expected values.

The Bayesian network for Figure 1 is defined by a pair of
knowledge parameters representing structure and local prob-
ability distributions at each node. The graphical structure
encodes conditional independence assertions about the 
nature of the process being modelled, by specifying the
causal relationships between the process elements, while
the probability distributions are defined conditionally at each
node in the process acyclic graph. Bayesian networks were
used because they offer a comprehensive and robust approach
to model estimation, particularly for clinical trials [18].

FIGURE 1

Directed graph of the drug discovery and development process showing the possible paths through the process and their respective
probabilities. Each stage of the process is represented by a rectangle. Decision points with an associated probability relating to continuation of the
process to a further stage, are represented by a diamond. Oval shapes represent management decisions with associated probability distributions.
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A Bayesian approach enables synthesis of all the available
information (i.e. using existing knowledge as well as data
about a candidate drug). This information is encoded by the
form of the assumed nodal probability distributions (normal,

log-normal, multinomial and so on), which, together with
the structure, define the joint probability of all states for
all nodes in the model. The analytical power of this 
approach is that from this joint distribution it is possible to
query the possible outcomes at every node in the network
using any prior knowledge about observed states at any node.

A powerful feature of Bayesian models is that they sup-
port backward chaining to identify the possible causes of
results by estimating the expected state of nodes upstream
in the model, given desired outcomes further downstream.
Moreover, a sensitivity analysis can be performed to identify
which nodes have the strongest effect on the outcome
performance metrics of the model.

In this simulation framework it is possible to consider
scenarios obtained by varying the conditional probabilities
specified at each node, and to assess their impact on the
bottom line figures at the exit points in the development
process. Given a range of candidate compounds for devel-
opment, the proposed framework provides a quantitative
model of the effects of the different scenarios on the relative
ranking of their cost-benefit figures. The model was imple-
mented in an Excel and Crystal Ball spreadsheet.

Although there has been application of Bayesian analysis
techniques at both the macro scale of pharmaceutical activ-
ities (in terms of pharmocoeconomics) and at the micro scale
(in terms of pharmocokinetic and pharmacodynamic mod-
elling of particular compounds for clinical trials studies), lit-
tle modelling and simulation appears to have been applied
to the mid-range process of drug discovery and development

Monte Carlo approaches
In the current implementation, the conditional probabili-
ties are specified by expert users and are varied as part of the
scenario analysis. It is straightforward to set these distri-
butions on the basis of prior knowledge derived from his-
torical data, where they are available, just as the distribution
parameters for the model can, in principle, be estimated
directly from the data.

Integrating over the multiple probability distributions
defined at each node in the process pipeline, which are
the degrees of freedom of the model, cannot be done 
analytically. However, this integral is efficiently conducted
using Monte Carlo methods, where the nodal probability
distributions are sampled repeatedly until the outcome
distributions in the nodes at the end of the pipeline 
stabilize [19,20]. Formally, the Monte Carlo process for
forward propagation of conditional probabilities across
the process pipeline consists of drawing random samples
from each of the conditional distributions specified 
locally at each node in the graph, whose product along
the directions of the arrows then generates the required
probabilistic values for the likelihood of achieving the model
outcomes successfully at each of the possible exit points.

The main risk elements in the development process of a
new pharmacological compound are represented by the 
directed acyclic graph shown in Figure 1. Mathematically,

REVIEWS

BOX 1

Model inputsa

• D_TI is the duration of the target identification stage, in months. A
similar notation is used for the other stages

• C_TI is the cost of the target identification stage, in US$ millions. A
similar notation is used for the other stages

• A1 = Probability (TI successfully completed – TI commenced)
Similarly for A2, B1, B2, C1, C2, D1, D2, E1, E2, F1 and F2

• A2.1 = Probability (deciding to continue to PhI – PC successfully
completed)

• A2.2 = Probability (deciding to sell IP – PC successfully completed)
• A2.1 + A2.2 = 1 (because these are two mutually exclusive probabilities)

Similarly for B2.1 + B2.2, C2.1 + C2.2 + C2.3, D2.1 + D2.2, E2.1 + E2.2
• P1, P2 and P3 are the probabilities of successfully selling IP at each of

three stages, given that the choice was made to sell IP at that stage
(e.g. immediately after completing the preclinical trials)

• P4, P5 and P6 are the probabilities of successfully achieving sales of
the compound at each of three stages given successful completion of
Phase II clinical trials

• P7 is the probability of successfully achieving sales revenue for the
compound

• Rev_IP01 is the revenue collected from selling IP after choosing to do so
Similarly for Rev_IP02, Rev_IP03, Rev_SC01, Rev_SC02, Rev_SC03, Rev_SR

• No revenue is collected during the discovery and development
process until we choose to sell IP

aModel inputs include the duration and cost of the different stages and the probabilities of
completing the different stages to realize the potential revenues

BOX 2

Model outputsa

• Start_TI and Time_TI are the start time and finish time of the target
identification stage

• Cost_TI is the money spent to successfully finish the target
identification stage

• C_NPV_TI is the net present value of cost_TI
• Pro_TI is the completion probability of TI stage
• Exp_Rev_IP01 is the expected revenue of IP01

Similarly for the other stages
• There are seven different ways of potentially making a profit through

the candidate compound
• IP01: sale of compound patent at intellectual property 01 stage, after

preclinical stage
• IP02: sale of compound patent at intellectual property 02 stage, after

completing Phase I stage
• IP03: sale of compound patent at intellectual property 03 stage, after

completing Phase II stage
• SC01: sales of compound at sell compound 01 stage, after completing

Phase II stage
• SC02: sales of compound at sell compound 02 stage, after completing

Phase III stage
• SC03: sales of compound at sell compound 03 stage, after completing

regulatory submission stage
• SR: make mature sales of compound at sales revenue stage, after

completing marketing stage
• The model outputs apply to all the endpoints

aModel outputs include the time, cost, net present value, probability and expected revenue for
the different stages
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the requirement is for an estimation of the probabilities of
successfully reaching the leaf nodes in this graph, from which
expectations of income generation can be obtained, along-
side measures of cost and duration for the process as a whole.

Development of the process model
The process model described in this paper is divided into
three main tiers:
• Tier 1: Chemical manufacturing
• Tier 2: Preclinical and clinical trial stages I–IV
• Tier 3: Financial returns
Each stage of the process (Figure 1) is represented by a 
rectangle [e.g. Target Identification (TI)]. Decision points with
an associated probability relating to continuation of the
process to a further stage (e.g. A1 = ‘does in vitro activity
occur?’) are represented by a diamond. Oval shapes repre-
sent management decisions with associated probability dis-
tributions (e.g. A2.2 = ‘decision to sell the intellectual prop-
erty rights upon successful completion of preclinical trials’).

Model inputs
The inputs required for the model include, for each
stage, the expected values of:

• Duration (in months)
• Cost – at current value (in US$ millions)
• Revenue – at current value (in US$ millions)
• Rate – monthly discount rate
• Transitional probability – probability of successful com-

pletion of a stage, given completion of the previous stage

• Optional transitional probability – probability of deciding
to proceed a stage, given the previous stage being suc-
cessfully completed.

Box 1 describes the model inputs in more detail.

Model outputs
The outputs generated by the model include, for each stage:
• Start date
• Finish date
• Total cost
• Net present value (NPV) cost
• NPV revenue
• NPV profit
• Completion probability
Box 2 describes the model outputs in more detail.

Algorithm for calculating the cost–benefit ratio
Total cost is the money that a company spent during the

whole process, which is the sum of the cost of all the
stages. NPV is calculated as follows:

NPV = Value in year t / (1 + r) t

Where r is the discount rate, and t is the number of years
into the future that the cash flow occurs. The expected
NPV for a project is obtained by discounting each cash
flow (both negative and positive) and summing the 
discounted values.

Parameters that need to be specified by the user of the
model include: total cost, discount rate and total revenue.

For example, for the stage Intellectual Property01:

�

�

�

�

�

�

�

�

�
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Total cost of IP01 = IP01 cost * Transitional Probability
A2.2 + TI cost + Scale-up Synthesis (SS) cost +
Formulation (FM) cost + Preclinical Trial (PC) cost

Expected NPV cost of IP01 = IP01 total cost / (1+discount
rate) ^ time required thus far to begin IP01

Expected NPV profit of IP01 = Expected NPV revenue –
Expected NPV cost

Algorithm for calculating completion time
The total launch time is the time required to launch the

drug to market, which is calculated as the sum of 
successful completion times of each stage.

For example, for the stage PC:
Finish (PC) = duration (PC) + time of completing earlier

stages
= D_PC + Max [finish (TI), finish (SS)]
= D_PC + MAX (Finish_TI, D_SS + Finish_ TI)

Algorithm for calculating the probability of success
This follows directly from user-specified transitional prob-

ability and optional transitional probability values (e.g.
for the stage ‘Target Identification’):

Prob (Starting TI|MM=1) = 1
Prob (Completing TI|MM=1) = A1
Therefore, P_TI = P (TI=1|MM=1) = A1*1 = A1
Another example, for the stage Scale-up Synthesis (SS):
Prob (Starting SS|TI=1) = P_TI = A1
Prob (completing SS|TI=1) = B1
Therefore, P_SS = P (SS=1|TI=1) and P (TI=1|MM=1) = B1

* A1 * 1 = B1*A1

An implementation of the model was created using Microsoft
Excel and Crystal Ball (Table 1). Monte Carlo simulation
is used to dynamically produce alternative scenarios in
the spreadsheet model. All uncertain variables or model
inputs are modelled using probability distributions. The
distribution type of each uncertain variable or model
input is defined according to its features.

The Cost and Revenue variables will be a positive num-
ber, with no upper limit, such that a given value is more
likely to be in the vicinity of the mean than far away,
matching the conditions of a lognormal distribution.
Thus, cells C_TI, …, C_SR follow a lognormal distribution.
The Duration variables will have a finite range, with 
extreme values less likely to occur. These requirements are
met using a triangular distribution, used for cells D_TI,
…, D_SR. The transitional probability and optional tran-
sitional probability variables are constrained by a finite
range. However, in the absence of further information it
was decided to initially allow equal opportunity for every
value in range to occur, which is modelled by a uniform
distribution. Therefore, cells P_TI, …, P_SR use uniform
distributions.

The required inputs for a typical sample compound are
shown in Table 2. The uncertainty values for each uncertain
variable are also entered into the model.

Presentation of output for users of the model
The form of the output of the information produced by
the model consists of summary tables (that show the time
to launch, total costs, total revenue, NPV cost, NPV revenue
and NPV profits, as well as the probability of success for
a set of compounds) and bubble charts (that provide a
more graphical and easy to interpret view of the informa-
tion) as a means of presenting the results of the simulations
to the target user base (typically research managers) within
the pharmaceutical industry. In the bubble charts, the 
diameter of the bubbles is proportional to the probability

REVIEWS
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of successfully completing the development process. The
larger the bubble, the higher the probability of success for
a given compound.

Figure 2 shows the balance of benefit to cost for four
preferred compounds. The position of the bubbles indicates
the NPV profit compared to the NPV cost for a set of com-
pounds. Taken together, the size of the bubble and its 
position summarize the main components of risk, enabling
a visual comparison between different candidate com-
pounds for selection. Generally, the higher the NPV profit,
the more attractive a compound will be; however, this
needs to be balanced against the NPV cost and the proba-
bility of success (indicated by the diameter of the bubbles).
The bubble charts can be used to assess the impact of 
variations in input variables visually, for example, length-
ening timescales will change the profit to cost balance.

The analyses provided by the model allow managers to
compare the probable outcomes for different compounds
and help to inform decisions that attempt to maximize
profits, while containing costs and reducing risks. The
model allows variations of input that can be used to assess
the robustness of decisions in terms of how variations in

the process (for example, lengthening timescales or increases
in the costs of particular stages) are likely to impact the 
expected profits.

Conclusions
This paper proposes a framework for the quantitative risk
modelling of the main risk factors in the development of
new compounds for medicinal use. Using Bayesian net-
works sampled by Monte Carlo methods, the framework
underpins a scenario analysis tool to compare risk–bene-
fit ratios for candidate compounds, at an early stage 
following drug discovery but before the substantial in-
vestment that is required to bring a new pharmaceutical
drug to market. Simulations using artificial data were used
to demonstrate the underlying principles and to illustrate
the practice of this risk assessment method. The imme-
diate future work is to evaluate the accuracy of the model
estimates, using more realistic data.

Further developments of this framework will also focus
on the interface with the decision maker to enable quali-
tative data entry, which is then automatically quantified
in the form of parametric probability density functions,
and to refine the visualization of the cost–benefit ratios and
other outcomes of interest. In addition, Bayesian methods
support a detailed sensitivity analysis to ascertain the 
effects of changes in parameter values as well as distribu-
tional assumptions and, finally, to identify the sensitivity
to each stage of target thresholds (e.g. by pre-specifying a
minimum probability of achieving a set benefit ratio). This
will alert the user to the particular components of the
model that are most important to estimate as accurately as
possible, if necessary by reference to historical data.
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FIGURE 2

Bubble chart produced by the model comparing the balance of benefit to cost
for four preferred compounds.The bubble diameter represents the probability of
successful completion.The larger the bubble, the higher the probability of success for
a given compound.
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