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▼ Analysts predict that in silico technologies
could reduce average development times by two
to three years and overall costs by more than
$200M per approved drug [1]. Although some
envision this capability as being unattainable
until perhaps 2015 [2], biosimulations are already
solving real-world problems [3,4].

Biosimulation uses mathematics to quantita-
tively represent the dynamics of biological 
systems and thereby analyze and predict system
behavior [5]. Biosimulations have been used to

identify and validate novel drug targets, assess
their pertinence to human physiology, design
clinical trials, identify biomarkers, explain data
variability, identify optimal therapeutic strategies
and predict drug safety [4,6,7]. Given the rising
cost of developing and marketing new drug ther-
apies, pharmaceutical companies need new ways
to increase productivity. Biosimulation directly
addresses this challenge.

Biosimulation can be categorized into two
general classes: (1) small-scale biosimulations,
consisting of a few equations and parameters that
are designed to address a specific, well-defined
problem, and (2) large-scale biosimulations,
consisting of tens to hundreds of equations and
parameters that mechanistically represent complex
biological processes and their interactions.
Although there is a long history of both classes
of biosimulation, this mini-review will highlight
a few illustrative examples applied to drug dis-
covery and development in diabetes, HIV, heart
disease and asthma.We will discuss the advantages
and disadvantages of both small- and large-scale
biosimulation approaches.

Small-scale biosimulations
Small-scale biosimulations are directed towards
specific problems and have been useful tools in
the drug development process and clinical
management of disease. Here, we review two
example small-scale biosimulations that have been
used to help collect and interpret clinical data.

Minimal-model glucose biosimulation
Insulin is a pancreatic hormone involved in the
regulation of many physiologic processes,
including hepatic glucose production and skele-
tal muscle glucose uptake. Decreased sensitivity
of various organs to insulin is associated with
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obesity, cardiovascular disease, hypertension and diabetes.
Because many present and future therapies are aimed at im-
proving insulin sensitivity, it is important to have a clinical
measure of insulin sensitivity to assess therapeutic efficacy.
However, the ‘gold standard’ for measuring insulin sensitivity,
the euglycaemic hyperinsulinaemic clamp, is labor-intensive,
time-consuming and expensive [8,9], making it inappropriate
for use in large-scale clinical trials.

Bergman et al. developed an alternative clinical measure of
insulin sensitivity using a biosimulation of the plasma glucose
response to an intravenous bolus infusion of glucose [10,11].
Their ‘minimal-model’ consisted of a pair of nonlinear ordinary
differential equations describing the plasma glucose kinetics
and the kinetics of insulin in an interstitial fluid compartment.
By using the measured plasma insulin profile as a forcing func-
tion, Bergman et al. determined a unique set of model parame-
ters for each patient, such that the simulated plasma glucose
response best matched the measured glucose data. The insulin
sensitivity index for each patient was then determined as a
simple function of the optimal parameters.

The minimal-model insulin sensitivity index was found to
be repeatable and in good agreement with the index obtained
using the euglycaemic hyperinsulinaemic clamp [12–14].
Because the minimal-model analysis is straightforward and
economical [15], it has been widely used to assess insulin
sensitivity in large-scale clinical trials [16]. The minimal-
model methodology continues to be improved and extended
to provide novel clinical measures of glucose and insulin 
dynamics [17–19].

HIV-1 replication biosimulation
Acquired immunodeficiency syndrome (AIDS) is a chronic
disease that begins with HIV infection and in adults progresses
over a median period of ten years. Measurement of the
plasma concentration of HIV RNA, known as the viral load, is
considered the best predictor of disease progression in untreated
HIV-infection [20].

To investigate HIV replication dynamics, Perelson et al.
developed a biosimulation of HIV and T-cell dynamics follow-
ing administration of a potent HIV protease inhibitor [21]. By
assuming that the system was in a quasi-steady state prior to
therapy, and that the number of uninfected T cells would not
appreciably change over the first week of therapy, the authors
were able to analytically solve the three ordinary differential
equations of their model and express the viral load as a func-
tion of time. Clinical measurements of viral load were made
several times over the course of one week of therapy, and
model parameter values were adjusted to best match these
data.This provided in vivo parameter estimates of HIV clearance
and the rate of loss of HIV-producing T cells for each patient.
From these parameter estimates, Perelson et al. computed the

infected T-cell lifespan, the HIV production rate prior to therapy,
and the average viral generation time.

The numerical parameter estimates suggested that HIV
replication and turnover were much larger than previous esti-
mates. Based on these new estimates, Perelson et al. made three
conclusions that are important for the development of HIV
treatments. First, effective anti-viral therapies will act within
a few days to detectably lower the plasma viral load.Thus, clini-
cal efficacy of an anti-viral compound can be determined
rapidly. Second, the risk of developing drug-resistant viruses is
high given the estimated replication rate and the previously
measured rapid mutation rate of HIV. Thus, treatments should
consist of a combination of anti-retroviral agents, requiring the
virus to mutate simultaneously at multiple positions before
acquiring drug resistance. Third, although only two to three
weeks of anti-viral treatment is necessary to decrease viral load
by approximately 99%, treatment regimens must be contin-
ued for a sufficient time to deplete other viral compartments,
such as latently infected cell populations and sanctuary sites,
which may spark a high rate of viral replication if therapy is
withdrawn. These insights have ‘transformed thinking about
HIV disease and have had a major impact on clinical manage-
ment’ [20]. Further development and use of HIV biosimula-
tions continue to provide a better understanding of disease
processes [22].

Large-scale biosimulations
Large-scale biosimulations are designed to comprehensively
represent physiologic mechanisms responsible for health and
disease. Such models are designed to address a wide variety of
problems, predict overall system behavior and help design
experiments and interpret their results. These models are
generally relatively large, consisting of tens to hundreds of
equations and parameters.

Cardiac electrophysiology biosimulation
Detailed, quantitative biosimulations of cardiac cell electro-
physiology have been used to better understand the patho-
physiology of heart disease [23]. For example, Winslow et al.
investigated whether the observed altered gene expression of
ion channels, pumps and exchangers could account for the
known electrophysiological properties of congestive heart
failure [24]. Beginning with a detailed biosimulation of a
normal canine ventricular cell, the authors adjusted model
parameters to simulate altered protein levels based on observed
gene expression from failing ventricular cells. They found that
simulations of the diseased action potentials and calcium dynam-
ics accurately matched experimental measurements. With this
model, Winslow et al. determined the relative contribution of
each of the altered protein levels to the observed cellular elec-
trophysiological behavior. Although these results gave insight
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into the cellular defects associated with heart failure, it is
necessary to understand how spatial propagation of the cardiac
action potential is altered to predict clinical outcome.

By incorporating the cellular electrophysiology biosimula-
tion into a realistic, three-dimensional model of the canine
ventricle, Kohl et al. were able to predict disrupted spatial
propagation of cardiac action potentials in heart failure [25].
They showed that the altered protein levels caused the electrical
activation pattern to change from a normal, coordinated pattern
to a dangerous, abnormal pattern of irregular circulating waves
of electrical activity. To predict how pharmacological modula-
tion of cellular electrophysiology affects clinical outcome, the
authors simulated the effect of adding an ATP-sensitive potas-
sium channel opener and showed that such an intervention
returns the heart to a more normal activation pattern. These
cardiac biosimulations have led to a better electrophysiological
understanding of the clinical manifestations of heart failure
and have predicted potentially effective targets for therapeutic
development.

Asthma biosimulation
Asthma is a chronic inflammatory disease of the lower airways.
To better understand asthma pathophysiology in the context of
the complex interactions between airway tissues and the allergen-
induced immune response, Stokes et al. created an asthma bio-
simulation that encompasses airway physiology and the inflam-
matory effector system [26]. This model accurately simulated
the acute and chronic characteristics of asthma, including both
early- and late-phase airway obstruction following allergen
challenge, airway hyper-responsiveness and chronic eosinophilic
inflammation [27]. The asthma biosimulation also exhibited
characteristic responses to known therapeutics.

To evaluate the predictive capability of the asthma biosimu-
lation at the clinical level, Stokes et al. investigated the ability of
a leukotriene receptor antagonist and a long-acting β2-agonist
to reduce the severity of exercise-induced asthma (EIA) [27].
The biosimulation accurately predicted the efficacy of each
therapy when subsequently compared with clinical data from
Merck and Co., Inc (Whitehouse Station, NJ, USA). Both the
biosimulation and the clinical results showed greater protection
in EIA with the leukotriene receptor antagonist than with the
long-acting β2-agonist. In addition, administration of a short-
acting β2-agonist, an acute rescue therapy for EIA, was more
effective in combination with the leukotriene receptor antag-
onist than when combined with the long-acting β2-agonist.
The biosimulation was further used to elucidate the mechanisms
underlying these clinical observations.

Perhaps the most compelling result of the asthma biosimula-
tion was the prediction that a therapeutic in clinical trials, an
interleukin-5 (IL-5) antagonist, would not be effective for
treating acute airway obstruction in asthma [28]. IL-5 increases

eosinophil number in the airways – a hallmark characteristic
of asthma. Based on animal studies, anti-IL-5 therapy should
decrease airway eosinophil number and thereby reduce airway
obstruction [29–31]. Surprisingly, although anti-IL-5 effec-
tively reduced eosinophil number, the asthma biosimulation
predicted that this therapy would have little effect on improv-
ing airflow obstruction. This prediction was confirmed by the
results from an anti-IL-5 clinical trial [32]. The biosimulation
further showed that ongoing airway obstruction was because
of the continued presence of other resident and infiltrating
cells in the airway, highlighting the significant redundancy in
the system.

Advantages and disadvantages of small- and
large-scale biosimulation
Although the examples described above demonstrate the use
of biosimulation in drug development and the interpretation
of laboratory and clinical data, there are advantages and
disadvantages of both small- and large-scale biosimulations.

Small-scale biosimulations
Advantages: By design, small-scale biosimulations have a clear,
focused application, and modeling assumptions are naturally
guided by the intended application. Model parameters can often
be uniquely determined and, as illustrated above, experimental
parameter estimation is often the goal of such models [21,10].
Because of their small-scale, these models are relatively easy to
understand and analyze. When model equations cannot be
solved explicitly, computers can numerically solve the equations
using only modest computing power.

Disadvantages: Small-scale biosimulations are typically limited
to the application for which they were designed. However,
extensions in their scope can be implemented by including
representation of additional biological processes. For example,
the HIV replication model of Perelson et al. [21] was expanded
to include the dynamics of latent cell populations and sanctuary
sites to investigate the time required for anti-viral therapy to
eliminate the virus from these compartments [33]. Another
disadvantage of small-scale models is that their parameters
are typically highly aggregated representations of complex 
underlying biological mechanisms. Because they do not attempt
to represent these mechanisms, they are unable to predict 
the consequences of manipulating the biological pathways 
contributing to these aggregate parameters.

Large-scale biosimulations
Advantages: Large-scale biosimulations are designed to compre-
hensively represent physiological mechanisms responsible for
health and disease.Therefore, large-scale models can be used to
investigate a variety of questions and predict the clinical effects
of modulating individual pathways and drug targets. Because
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of the nature of such biosimulations, the use of diverse data
sets is required to quantitatively represent the physiological
processes responsible for overall system behavior. By incorpo-
rating multiple data sets into a single comprehensive biosim-
ulation, critical knowledge gaps in the disease area can often
be identified.

Disadvantages: Although large-scale biosimulations can address
a wide variety of questions, it can sometimes be difficult to
determine when they have been stretched beyond their scope
of applicability.This difficulty can arise from the use of diverse
data sets, often from multiple species; modeling assumptions
not guided by a pre-defined use; and uncertain parameter esti-
mates. (Of course, the problem of uncertain scope of applica-
bility is also shared by in vitro and in vivo experimental models).
The typical complexity of large-scale biosimulations, often
consisting of hundreds of equations and parameters, makes them
challenging to analyze. Nevertheless, they can be extensively
interrogated to better understand how the modeled physiological
mechanisms generated the simulation results, and whether or
not these mechanisms are biologically reasonable. Finally, devel-
opment of comprehensive models requires extensive resources,
including high-performance computing and sophisticated
modeling and analysis software.

Summary
As illustrated in this mini-review, small-scale biosimulations
can be used to identify clinical biomarkers and improve under-
standing of disease and the effects of therapy. Large-scale
biosimulation can additionally predict the clinical efficacy of
modulating drug targets. This makes it possible to eliminate
ineffective targets early in the development process and to
focus on those with a high probability of success. By combin-
ing traditional experimental research with iterative develop-
ment of large-scale biosimulations, researchers can design
more efficient and focused experiments and provide a larger
context for interpreting experimental results. Thus, biosimula-
tion has the potential to enhance the pace of drug discovery
and development.
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Look out for the forthcoming Proteomics supplement, which will be 
circulated with Drug Discovery Today in December 2002
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