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Abstract Computer simulation of clinical trials has evolved over the past two
decades from a simple instructive game to ‘‘full’’ simulation models yielding phar-
macologically sound, realistic trial outcomes. The need to make drug development
more efficient and informative and the awareness that many industries make extensive
use of simulation in product development have advanced considerably the use of
simulation of clinical trials in pharmaceutical product development over the past
decade. The structural and stochastic components of trial simulation models are
explained as a prelude to a listing of representative simulation projects, reflecting
investigative applications of statistical methods, trial design comparisons, and full
simulation of new drugs being developed. Lessons learned from these projects are
reviewed in the context of their current impact and potential for influencing the future
of drug development.

INTRODUCTION

Computer simulation is the process of building a mathematical model that mimics
a real-world situation and then using the model to conduct experiments in order
to describe, explain, investigate, and predict the behavior of that situation (1).
Simulation furnishes scientists with a conceptual tool for translating often-
complex, real-world subject matter into a simplified form (a mathematical model),
generalizing detail and exposing important assumptions. The model should cap-
ture all crucial aspects of the physical situation being described. By employing
the model, simulation experiments can explore assumptions made about the
model’s structure and parameters. Additionally, model-based simulations may
enable the investigation of actual experiment designs, which, in turn, might shed
light on the model’s assumptions.

The clinical trial is the preferred modern strategy for empirical evaluation of
medical therapy (2). As such, it serves as a key component of the drug devel-
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opment process, when adequately designed and conducted, by providing infor-
mation with which to weigh the risks and benefits of a compound. This
information is used in risk management at various levels: at a regulatory level
when a government agency determines, based on this information, whether or not
a candidate compound may be marketed; and in a clinical setting when a physician
decides whether, and if so, how a drug should be administered to a patient (2).

Clinical trial simulation is the abstraction of the clinical trial process. It is used
to investigate assumptions and to influence trial design in order to maximize the
amount of pertinent information gained throughout this process about the drug.
Simulation is applicable to many areas of the clinical trial process. The focus here
centers on the use of simulation with models based upon the dose-concentration-
effect relationship (3) that reflect the disposition and effect of drugs as observed
in clinical trials. In this chapter, we describe (a) motivations and history, (b) the
general methodology of clinical trial simulation, including a brief description of
current software available for performing such simulations, (c) some examples
and lessons learned from using simulation in clinical trial design, and finally (d)
our view of the current and future impact and directions for this powerful tech-
nology in drug development.

Motivations

Computer simulation has been used in the automotive and aerospace industry for
over 20 years, improving the safety and durability of new products at a reduced
development cost (4, 5). Similarly, the fundamental motivation for clinical trial
simulation in pharmaceutical product development is to increase the efficiency of
development, e.g. minimizing cost and time, while maximizing the informative-
ness of data generated from the trial. Clinical trial simulation aims to integrate
relevant information and enable critical assessment of assumptions before
resources are invested in conducting the actual clinical trial.

Before the 1990s, the drug development process, from initiation of preclinical
studies through drug approval, took up to 12 years: 3.5 years for the preclinical
phase; 1, 2, and 3 years, respectively, for clinical phases I, II, and III; and approx-
imately 2.5 years for the Food and Drug Administration (FDA) review phase (6).
Despite significant reductions in preclinical and regulatory review times, the clini-
cal phase of development continues to consume up to 50% of overall drug devel-
opment time. In 1997, research and development costs were estimated to be
greater than $359 million US dollars (7), the majority of which was associated
with the conducting of clinical trials. Nearly one third of the cost and over one
half of the time (7.2 years) necessary to bring one new drug through FDA
approval is spent on clinical development (8).

Why has drug development been so time-consuming and expensive? Often
trials have had to be repeated because of flaws in trial design and performance
that resulted in inadequate information about the safety or effectiveness of the
new drug being tested (9). Identifying why a trial failed and how to prevent the
failure in future trials is an additional use of clinical trial simulation. Often a
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deeper understanding of drug disposition and action may be achieved during the
simulation model building process, and this understanding can influence the
design of subsequent trials to increase the potential for successfully achieving
the scientific goals of the program.

History

The term clinical trial simulation may have been first used to describe a game
entitled ‘‘Instant Experience’’ (10) during a teaching course for doctors and sci-
entists interested in learning about practical difficulties and sources of error in
clinical trial design and performance. Patient information was ‘‘simulated’’ by
the game organizers, and participants were split into groups charged with design-
ing a clinical trial to detect whether a therapeutic difference existed between two
drugs, with gender as the sole prognostic factor. While developing the game rules,
the organizers created a computer program to generate simulated patients for
future games.

The computer program was used at other workshops (11–13), as more simu-
lation programs began appearing to explore complex statistical aspects of clinical
trial design. For example, prognostic factors influence a patient’s ability to
respond to treatment and often in clinical trials the number of combinations of
these factors approaches the sample size. Traditional methods are inadequate for
analyzing these situations, so when a new sequential treatment assignment method
was developed, it was subsequently tested using simulation (14). Other aspects
of trials that were explored using clinical trial simulation included sample size,
influence of dropouts (15), and problems with early termination of a clinical trial
(16). It was recognized that as designs were becoming more complex, traditional
statistical theory was no longer valid. Simulation, however, offered the means for
generating complex data sets, which included prognostic factors, for testing new
analysis methods (17).

Despite new developments in statistical analysis, the underlying goal remained
the same: to design a clinical trial to detect a statistically significant difference
between treatments. The question being asked in the trial was simply does the
drug work rather than how much does the drug work (18).

In the 1980s, clinical trial simulation entered a more informative phase, with
several advances, making simulation more than only a tool for statisticians. The
desktop computer was becoming more powerful and prevalent, giving researchers
easy access to a tool for creating complex mathematical models reflecting
fundamental pharmacological principles, e.g. pharmacokinetics and the dose-
response relationship. In 1986, Tiefenbrunn et al (19) used a physiologically-
based computer simulation of biochemical reactions in response to concentrations
of circulating tissue-type plasminogen activator (t-PA) to prospectively charac-
terize its pharmacodynamics, using six patients given t-PA for coronary throm-
bosis. The findings from this model development and simulation process
permitted the prospective evaluation of dosing regimens for t-PA in clinical trials.
Using this model and computer simulation studies, it was shown that the degree
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of fibrinogenolysis induced by t-PA administration was almost independent of the
dosing schedule (19, 20). This was an early example of applying simulation to
clinical trials that yielded more than just a binary result.

In clinical pharmacology, models are created to describe data and provide a
logical, biological explanation for observed drug disposition and pharmacologic
effect. The early 1980s witnessed an explosion in the development of compart-
mental modeling analysis in clinical pharmacology (21, 22). Software (23)
became available for modeling the population nature of clinical data, and literature
on modeling concentration-effect (24) relationships and simultaneous pharma-
cokinetic and pharmacodynamic modeling (25) described how clinical pharma-
cology could benefit from a modeling approach. A series of papers by Sheiner &
Beal (26–28) compared the population approach to traditional methods of clinical
data analysis, demonstrating the limitations of traditional methods (see Table 2).

Simulation was a natural progression from the increased use of mathematical
models in clinical pharmacology and has been used as an informative tool for
evaluating complex clinical trial designs. One such design is the randomized
concentration-controlled trial (RCCT) (29, 30). Simulation was used to investi-
gate trial designs that efficiently provide accurate and precise estimates of phar-
macokinetic parameters characterizing the dose-concentration-effect relationship
in the face of high between-subject pharmacokinetic variability (see Table 4).

Prior to the early 1990s, there were no known attempts to simulate realistically
an entire clinical trial based on the simultaneous integration of (a) a pharmaco-
kinetic-pharmacodynamic (PKPD) drug action model, (b) a disease progress or
placebo effect model, and (c) trial subject demographic covariates, between-
subject variability and unexplained variability, and typical protocol deviations
(e.g. dropouts, partial compliance). Simultaneously, this new and complex
(‘‘full’’) level of clinical trial simulation was initiated by two groups. For purposes
of teaching, the educationally sponsored (31) RIDO (RIght DOse first time) soft-
ware (32) was developed. The RIDO program, which incorporated the full clinical
trial simulation capability, was developed to educate pharmaceutical scientists
about the basic principles of clinical pharmacology and the role of variability in
understanding why clinical trials are difficult to design. A pharmaceutical devel-
oper, motivated by the FDA to evaluate the feasibility of a proposed concentration
controlled trial, employed full clinical trial simulation to determine not only fea-
sibility but also trial design features such as individualized dose adjustment pro-
cedure and sample size (56, 57) (see Table 4). The evolution of applications and
software for full clinical trial simulation technology has accelerated during the
past 5 years, as evinced by several key conferences and workshops (33–35) spon-
sored by two centers that have championed methodological advances in drug
development science (31, 36).

Any software that allows for the modeling of data may be used to perform a
simulation [e.g. SAS (SAS Institute, Cary, NC), NONMEM (UCSF, San Fran-
cisco, CA), Mathcad (MathSoft, Inc. Seattle, WA)], but since 1996, two inno-
vative commercial simulation software products have provided special
capabilities dedicated to simulation of clinical trials: Pharsight Trial Designer (37)
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and MGA-ACSL Biomed (38). The ACSL Biomed clinical trial simulation pro-
gram incorporated new routines based on a mature simulation language, advanced
continuous simulation language (CACSL) (38), into existing biomedical model-
ing and simulation software. Use of these software packages (now both owned
by Pharsight Corp.) is reflected in several recent clinical trial simulations (see
Table 4). A more detailed account of the history and evolution of clinical trial
simulation software in recent years is available (39).

So rapidly has this field evolved in the past few years that a draft guideline
describing good practices for modeling and simulation of clinical trials in drug
development has recently been published and public comment has been invited
(40). Figure 1 lists the main sections and topics described in these guidelines. A
key concept in these guidelines is the recommendation that clinical trial simula-
tion be approached as an ‘‘experiment.’’ The simulation experiment should have
a well-defined plan developed by those who will be directly involved in perform-
ing the simulation and applying the results of the experiment. Execution of the
planned simulations will usually lead to modification of the plan as new results
are made available. The simulation plan is therefore a dynamic document. To
reap the full benefits of the simulation, it is essential for the plan to include a
formal strategy for assessment. For consistency, the remainder of this review
follows the terminology and conceptual framework recommended in the draft
guideline. Readers are encouraged to study the draft guideline in conjunction with
this chapter for a fuller understanding of the current state of the art of clinical
trial simulation.

ANATOMY OF A CLINICAL TRIAL SIMULATION

The steps in performing any type of computer simulation are similar, with each
step expected to lead to the next. Often work on a step may reveal problems with
a previous step, which will then have to be revisited. This iterative process ulti-
mately aids the trial design team in understanding underlying assumptions impact-
ing the quality of information obtained from the trial.

Clinical Trial Simulation Questions

Clinical trial simulation has developed in the context of increased understanding
of clinical pharmacology and deals with questions that are raised about how to
incorporate this knowledge into the design of clinical trials. Sheiner (18) has
pointed out a useful conceptual framework for the epistemology of drug devel-
opment. Phase III clinical trials are usually undertaken to answer a yes/no question
(‘‘Does the drug work?’’) that is approached statistically by a test of the null
hypothesis. This is a confirming type of trial. Earlier in drug development, trials
aim to investigate properties of the drug that may be elucidated using statistical
estimation—e.g. the treatment effect size and dose-response relationship, etc. This
is a learning type of trial.
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Figure 1 From the Table of Contents of Simulation in Drug Development: Good Prac-
tices (40).

Confirming: Power

Confirming-type trials are designed to give an answer to such simple binary or
categorical questions as whether or not the drug works. If the null hypothesis is
rejected, then a clear answer is obtained. If the null hypothesis is not rejected, it
could be because the drug does not actually work or because the design or analysis
of the trial was not sufficiently powerful. A priori power analysis seeks to protect
against this kind of ‘‘Still don’t know’’ answer to the ‘‘Does the drug work?’’
question. There is extensive theory and experience of evaluating the power of a
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design to answer a yes/no question for many common design and analysis method
combinations.

Learning: Power, Bias, and Precision

In addition to an affirmative answer to the yes/no question of whether a drug
works, questions of direct interest to the patient and prescriber, such as the size
of the effect or when the peak effect occurs, must also be answered. From a
statistical perspective, these are estimation problems, and analyses that address
these main questions of learning trials are rare. In this instance, clinical trial
simulation can be a powerful tool. Responses are predicted using reasonable mod-
els of drug action and disease progress, along with stochastic elements such as
patient variability and measurement error.

Modeling assumptions, trial design properties, and analysis methods can all
be evaluated to understand the power of a design to answer more informative yes/
no questions based on complex underlying concepts, e.g. whether an offset drug
effect model can be distinguished from a slope effect model (54). Simulation can
also be used to evaluate the bias and precision of the estimates of quantitative
descriptors reflecting treatment effect size, time to peak effect, etc.

Simulation Model

Computer simulation requires a mathematical model that adequately reflects the
actual situation being simulated. The model employed in a clinical trial simulation
must, at a minimum, approximate a description of the clinical effect of a drug
and, optimally, should be based upon the dose-concentration-effect relationships
for the drug. The rapidly developing interest in clinical trial simulation has led
to a variety of overlapping terms. The terminology used for defining a simulation
model is listed in Table 1 and is further elaborated in the following sections. A
simulation model is made up of three components (40): input-output model,
covariate distribution model, and trial execution model.

Input-Output Model The input-output (IO) model incorporates all scientific
knowledge about the disease and drug. It may include (but is not limited to) the
following components:

Structural Model The structural model incorporates pharmacokinetics, phar-
macodynamics, disease status and progress, and placebo responses.

Covariate Model The covariate model serves to integrate patient-specific fea-
tures (covariates such as age, weight, etc) that are associated with systematic
differences between individuals. Covariate models are used to predict model
parameters typical of an individual with a particular combination of covariates.
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TABLE 1 Terminology for models involved in clinical trial simulations

Model Components
Partially descriptive
synonyms

Input-output model Pharmacokinetics
Pharmacodynamicsa

Disease progress
Placebo response
Covariate model relating

covariates to typical
parameter values

Population parameter
variability that includes
between- and within-subject
variability

Residual unexplained
variability that includes
measurement error and
model misspecification error

Pharmacoeconomics

Structural model
Variance model
Pharmacostatistical model
Outcome model
PKPD modelb

Drug intervention model

Covariate distribution
model

Demographic covariates (e.g.
age, weight, gender, disease
severity, concurrent
treatment)

Distribution and covariance
of demographic covariates

Population Model
demographics

Trial subject
inclusion/exclusion criteria

Trial execution model Nominal design (protocol)
Deviations from nominal

protocol

Trial design
Deviation from protocol

model
Compliance model
Subject withdrawal
Missing observations
Adaptive design model

aPharmacodynamics includes drug effects on biomarkers, surrogate endpoints, and clinical endpoints and outcomes.
bPKPD, pharmacokinetics pharmacodynamics.

Pharmacoeconomic Model Project resource models, when employed, are
considered part of the IO model because they predict responses (e.g. costs) as
a function of the trial design and execution.

Stochastic Models The IO model includes stochastic components that include
the following. (a) Population parameter variability comprises between-subject
and within-subject variability in model parameters. In practical terms, within-
subject variability is largely defined by between-occasion variability (42) but
includes stochastic variation in parameters, such as clearance, that may occur
within an occasion (within-occasion variability). A term often used for population



SIMULATION OF CLINICAL TRIALS 217

parameter variability is inter-individual variability. (b) Residual unexplained vari-
ability accounts for model misspecification and measurement error. A term often
used for residual unknown variability is intra-individual variability.

Covariate Distribution Model The distribution of demographic covariates in
the trial subject sample is obtained from a model for the distribution of covariates
in the target trial population. Such a model reflects the expected frequency dis-
tribution of the various covariates and, more importantly, the relationships among
the covariates, e.g. age and renal function are related, such that renal function
typically decreases with age in an adult population. The covariate distribution
model should not be confused with the covariate model used to relate covariates
to IO model parameters (see above).

Trial Execution Model Although in real clinical trial practice, good faith
attempts are made to perform or execute the trial according to the (nominal) trial
protocol, human behavior and real-world events always intervene, and deviations
or violations of the protocol are common. Thus, clinical trial simulations must
recognize that the nominal trial protocol will never be executed with absolute
perfection. There will be protocol deviations, e.g. subjects may withdraw, doses
may not be taken as prescribed, or observations may be missing. Computer
instructions that reflect both the nominal protocol and models for protocol devi-
ations define the trial execution model.

Analysis of Simulated Data

Analysis of a Single Trial Replication Simulation may be used to define
responses across subjects within a single trial. For the single clinical trial, the unit
for replication is each individual in the trial. The outcome of the trial can be
defined qualitatively, in terms of whether or not it supported the rejection of a
statistical null hypothesis (in the case of a confirming trial), or quantitatively,
when it provided estimates of the trial outcome measure effect size(s) (in a learn-
ing trial). An individual subject outcome measure might be a statistic such as the
time of peak drug effect or slope of a dose-response curve.

Analysis of the Simulation Experiment Simulation may be used to define
responses across trials. For the simulation experiment, the unit for replication is
each clinical trial. The outcome of a simulation experiment will be based on the
analysis of the outcome measures obtained from each clinical trial replication.
The power of a specific clinical trial design is determined from the number of
trials that reject the null hypothesis. Bias and precision of statistics such as the
estimated treatment effect size, or parameters such as the maximum drug effect,
are typically computed. When simulation is employed to investigate influence of
various trial design features, a sensitivity analysis may be employed in a meta-
analysis framework to compare power or estimation properties of the varying
design factors.
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CLINICAL TRIAL SIMULATION SOFTWARE

Numerous techniques are available for clinical trial simulation and most of the
work reported to date has used general-purpose modeling and statistical software
such as SAS. Clinical trial simulation involves several steps, each of which may
be performed using different software tools.

Development of a Simulation Model

Input-Output Model PKPD model building and parameter estimation, typically
using data from previous clinical trials, may be done using either individual non-
linear regression programs [e.g. WinNonlin (Pharsight, Mountain View, CA),
ADAPT II (Biomedical Simulations Resource, Los Angeles, CA)] or population
mixed effect modeling programs [e.g. NONMEM (23), NPML (44)].

Covariate Distribution Model We are not aware of specific software for devel-
oping a model of the distribution of covariates in a target population for a clinical
trial, thus general-purpose software is employed. Large databases exist that could
be used to create such a model, e.g. NHANES (45).

Trial Execution Model Models accounting for the nominal trial protocol and
deviations such as subject withdrawal, variable compliance with medication, and
missing observations have typically been based on ad hoc procedures within the
simulation software program employed for the simulation. Software for collecting
and reviewing medication compliance is available from suppliers of electronic
monitoring systems (46). Attempts have been made to use such data to develop
a model suitable for simulation (47).

Simulation

The same software program used for development of the IO model may be used
to simulate clinical trial response data. The key element is the ability to add
random (stochastic) variability to the model as residual error (measurement and
model misspecification error) and IO model parameter variability. More realistic
simulations will also include stochastic variation in sampling subject specific
values from the covariate distribution model, and in the deviations from the nom-
inal protocol defined by the trial execution model. Standard statistical software—
e.g. SAS and S-Plus (MathSoft, Seattle, WA), or more specialized programs such
as NONMEM and Pharsight Trial Designer—can accomodate all of these fea-
tures. General statistical software is least convenient because all components of
the simulation model must be created by the user. NONMEM has a comprehen-
sive library of pharmacokinetic models but requires the user to create a data file
to specify doses, covariates, and observation times for each subject. Dedicated
commercial simulation software such as Pharsight Trial Simulator can be expected
to provide more convenient trial simulations with predefined model and trial
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design libraries, and for integration of all routines and procedures necessary for
accomplishing the simulation.

Analysis of Simulated Data

For statistical analysis of a single simulated clinical trial, standard statistical soft-
ware will most commonly be used for confirmatory-type trials but more complex
model-based procedures (e.g. mixed effects nonlinear modeling with NONMEM)
will be preferred for more informative learning trials (18). Commercial simulation
software should allow the user to conveniently select from a variety of typical
trial outcome measures (e.g. response at a specified time, peak response, area
under the curve of a response) and perform standard analyses (e.g. analysis of
variance). Most of the user-written software is employed to perform a set of
replication level analyses and to summarize the simulation experiment results,
e.g. clinical trial simulator, developed by one of us (NHG Holford).

For analysis of either a single trial replication or a simulation experiment, the
distribution of individual or trial responses may be informatively displayed in
graphical form, e.g. showing the scatter of responses as a function of time after
the start of treatment or the distribution of outcomes from many trials. Meta-
analysis of comparative power or estimation properties across varying trial design
factors may be accomplished using standard analysis of variance or regression
procedures.

REVIEW OF CLINICAL TRIAL SIMULATION PROJECTS

Below, we present representative examples of research projects or practical appli-
cations known to us that have used simulation in relation to clinical trial questions.
Much recent work in this area has only been reported in abstract form or has been
communicated primarily at conferences. Therefore, we have drawn extensively
from our own experiences and describe them using the format of Holford et al
(40). We acknowledge that the tables are incomplete in many places and apologize
to authors whose work we may have incorrectly interpreted or of which we are
unaware. We intend the tables to provide a view of what questions have been
investigated and what techniques have been used. The ‘‘Lessons Learned’’ col-
umns (Tables 2, 3, and 4) indicate what we think are key new knowledge and
insights that have been derived with respect to the overall application of clinical
trial simulation. Each project may have had other objectives but we have chosen
not to elaborate on them.

We have identified three levels of simulation projects. The first deals with
evaluations of statistical properties and analytical methods used as the basic tools
of clinical trial simulation. The second entails the application of simulation to
investigate the general properties of certain classes of clinical trial designs. The
third deals with full clinical trial simulations applied to specific drugs and specific
designs.
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Investigations of Statistical Properties and
Analytical Methods

Simulation has long been used by mathematical statisticians and others to inves-
tigate properties and performance of statistical and data analysis methods. Illus-
trative examples of such investigations applied to two widely employed PKPD
model building and parameter estimation techniques can be seen in Table 2. These
methodological investigations bear primarily on the properties of estimation
methods that are widely used in the specific projects detailed below.

Simulations of a typical pharmacokinetic experiment, analyzed by two nonlin-
ear regression estimation methods, enabled Peck et al (48) to describe the less
biased and more precise parameter estimates derived from maximum likelihood
estimation using a general parametric residual variance model (extended least
squares) versus weighted least squares regression analysis. Likewise, Sheiner &
Beal (28) demonstrated via simulation that estimation of population PK param-
eters using mixed-effects modeling enabled efficient use of sparse data compared
with the two-stage weighted least squares method.

Investigations of Trial Designs

Simulation has also been used to investigate power and estimation properties of
various clinical trial designs. Six illustrative examples that have utilized PKPD-
type IO models in simulation models of common clinical trial designs are listed
in Table 3. Simulations of competing clinical trial designs have been useful in
evaluating their comparative advantages and limitations. Optimal sampling design
methods, aimed at the timing of a minimum number of pharmacokinetic obser-
vations for estimation of model parameters with minimum bias and variance, were
investigated by D’Argenio (49) comparing optimal designs with standard inten-
sive sampling schemes. The investigation of randomized concentration controlled
trial (RCCT) designs reported by Sanathanan & Peck (50) investigated the extent
of improvement in sample size efficiency that can be gained from the RCCT
design in comparison to the traditional randomized dose controlled trial design
when between-subject PK variability is high. Following the theoretical investi-
gation by simulation of escalation designs in learning type trials (51) pointed to
a reevaluation of the merits of cross-over and dose-titration trials. The investi-
gation by Holford (53) of the enrichment design used in confirmatory trials of
tacrine (for Alzheimer’s disease) showed that the criterion used to identify
responders during a titration phase was little different from simple randomization,
because of the unrecognized contribution of between-occasion variation in
observing the cognitive response to treatment. The difficulties in distinguishing
different drug effects on disease progression was highlighted by simulating trials
of a pseudo-drug, pstat (54). This study also pointed out the value of considering
monetary costs of alternative study designs. Finally, El-Tahtawy et al (55) used
Monte-Carlo simulation to investigate bioequivalence trial designs applied to
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TABLE 2 Simulation projects evaluating statistical and data analysis methods used in simulation of clinical trials
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TABLE 3 Simulation projects evaluating trial designs
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TABLE 3 (continued) Simulation projects evaluating trial designs
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highly variable drugs. These simulations were used to justify regulatory guidance
documents (55; AA El-Tahtawy, personal communication).

Drug-Specific Clinical Trials

Tables 4 and 5 list characteristics of 19 recent clinical trial simulation projects
involving specific drugs (some drug products are not identified to respect confi-
dential information), nine of which were undertaken by the authors. These nine
simulations, as well as the pioneer simulation of mycophenolate mofetil, are
reported in greatest detail, whereas all others (Table 5) are less completely
reported because of the lack of publicly available information. The entries in
Tables 4 and 5 are similar, with the exception of the final right hand column,
which reflects lessons learned from the author’s simulation projects (Table 4) or
stated goal of the other reported simulations (Table 5).

The simulation by Hale et al (56, 57) of a proposed concentration controlled
trial was the first reported demonstration of the practical utility of a full clinical
trial simulation that determined trial feasibility and influenced trial design features
for an actual drug in development. It is important to note that this project was
motivated by a specific request for the simulation by the FDA, signaling official
regulatory interest and receptivity to this novel technology. Regulatory interest
has persisted, as evinced not only by the FDA’s acceptance of trial simulation in
other regulatory submissions (see Table 4) but also Agency cosponsorship of
several recent conferences and guidelines encompassing population modeling and
trial simulation.

Evaluation of a new and evolving technology is essential as a guide to future
directions for research, application, and evaluation. Table 4 lists several impedi-
ments for simulation, including difficulties encountered with retrospective data
retrieval, nonavailability of adequate modeling databases (especially placebo and
disease progress data), time pressures interfering with completeness of simula-
tions, and useful prerequisites such as the need for input from disease experts,
value of IO model features reflecting drug discontinuation and rebound effects,
and value of standards for model diagnostics and model evaluation techniques.
Although some of these matters have been considered in the good simulation
practices guideline (40), others are philosophical and require cultural and attitu-
dinal changes. For example, prospective integration of modeling and clinical trial
simulation in a drug development program should optimally commence in the
preclinical phase, leading to use of simulation in planning the first human clinical
trial (58).

IMPACT AND FUTURE DIRECTIONS

Application of clinical trial simulation in contemporary drug development pro-
grams is variable and often absent or incomplete—hence, measurable impact is
modest at best. Simulation of PK properties of a new drug, derived primarily from
phase I normal volunteer studies, is sometimes utilized to define dosage regimens
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TABLE 4 Simulation projects evaluating drug specific clinical trials
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TABLE 4 (continued) Simulation projects evaluating drug specific clinical trials
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TABLE 4 (continued) Simulation projects evaluating drug specific clinical trials
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TABLE 5 Simulation projects evaluating drug specific clinical trials: published reports with incomplete information



229

TABLE 5 (continued) Simulation projects evaluating drug specific clinical trials: published reports with incomplete information
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for evaluation in phase II trials. As this procedure is often performed without
taking into account between-subject variability or pharmacodynamic linkages, an
opportunity is lost to influence trial design features such as dosages and dosage
intervals, or ‘‘go/no go’’ decisions for direction of product development. Two
important exceptions provide instructive illustrations of the power of clinical trial
simulation in a drug development program.

As highlighted above, PKPD-based clinical trial simulation of the organ anti-
rejection agent, mycophenolate mofetil, was employed to evaluate study feasi-
bility and to influence multiple trial design features of a proposed RCCT in renal
transplant patients (56). The simulation model, derived from 41 patients,
employed a binary-outcome clinical response (transplant rejection, yes or no) and
guided the design of a RCCT that, when completed, was adjudged to have suc-
cessfully met its scientific objectives (57). In the case of the antiretroviral agent,
alovudine (R Desjardins, personal communication), PKPD-based simulations of
alovudine activity and toxicity, derived from two concentration controlled trials
(RCCT) in HIV patients (59), provided a strong rationale to halt the further devel-
opment of the drug. The 12-h area under the alovudine concentration-time curve
value above which unacceptable hematologic toxicity occurred (.300 ng ml11

h11), was less than threefold that of the area under the alovudine concentration-
time curve above which a 50% or greater reduction in viral serum HIV antigen
concentration (p24) was observed. When between-subject PK variability was
taken into consideration, simulations predicted unacceptable toxicity in a high
proportion of patients at dosages necessary to achieve antiretroviral effectiveness.

Despite the modest impact of current applications of clinical trial simulation
in drug development, there is reason to expect increasing incorporation of this
technology in all phases, from discovery to phase IV. Several major pharmaceu-
tical firms are committing major resources to the establishment of intellectual and
computational capabilities for prospective incorporation of modeling (41) and for
clinical trial simulation in selected drug development programs.

In the near term, lessons learned from experience in recent years with clinical
trial simulation (e.g. Table 4) provide direction for the next steps in the realm of
research and development management and education. Thus, drug developers that
plan to benefit from this technology should provide for trained personnel and
resources to enable prospective integration of modeling and clinical trial simulation
in drug development programs (to mitigate problems cited above with retrospective
data retrieval, company cultural resistance or lack of cooperativeness, unrealistic
time pressures, etc), commencing in the preclinical phase, and fully integrating the
modeling and simulation approach in all subsequent clinical phases. This step
alone has major implications for education and training of personnel needed for
this bold evolution in drug development. Because the trained personnel needed
for this approach are already scarce, consideration should be given to expansion
of existing, and establishment of new, educational programs to develop the large
number (hundreds) of experts in clinical trial simulation that will be needed.

Comprehensive databases and models for adequately modeling the disease
progress and placebo response patterns in various diseases and treatments are
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sorely needed. Equally needed is an understanding of the consequences to subjects
of the interruptions and resumptions of drug regimens (60) that often occur during
clinical trials, leading to loss or exaggeration of drug effects, rebound effects,
tolerance, and other nonlinear deviations from simple models of drug effect. Eval-
uating, improving, and implementing the draft simulation good practices guidance
(40) is another valuable next step in advancing the quality, utility, and confidence
in this novel technology.

In the far future, we foresee a central role for clinical trial simulation in a
revolutionary paradigm shift in drug development practices. Today, drug devel-
opment continues its inefficient tradition of many tens to hundreds of clinical
trials per new drug application, supporting a mostly empirically derived safety-
and-effectiveness database—with modest or no role of trial simulations. In our
vision of a very different future, clinical trial simulations will be the principle
scientific activity, and actual clinical trials will be few, aimed at informing simu-
lation models and confirming simulation predictions. The impact of clinical trial
simulations in this vision of the future will go well beyond the success and effi-
ciency of actual development activities. It will impact the selection and training
of scientific personnel involved in drug development, as well as the demography
of clinical trial subjects, and possibly even the economics of development—
virtual clinical trials may reduce overall cost of drug development by reducing
the total number of trials, especially ones that are prone to failure or that are
unnecessary.
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