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2 years 80%
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up to
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of savings 
estimated by 
the participants 
of the FDA’s 
MIDD Pilot 
Program *

potential. ‘Model-informed drug development’ (MIDD) 
features prominently within the U.S. Food and Drug 
Administration’s (FDA) most recent mission statement, 
and the Agency is already setting out methodological 
and quality standards1. 

Models have long been used to advance our 
understanding of medicine. This paper summarises 
that rich history, and outlines the evolution toward 
‘knowledge-based models’ that capture both data 
and qualitative insights to simulate disease and 
treatment. It describes how in silico models are already 
accelerating drug development, and charts regulators’ 
progress toward establishing in silico modeling 
guidelines. Finally, it lays out the challenges facing more 
widespread adoption of this technology across drug 
development.

50%
of trials suffer 
a protocol 
amendment ***

and

1 Model-Informed Drug Development Pilot Program | FDA. Retrieved October 5, 2021, from https://www.fda.gov/drugs/development-resources/model-infor-

med-drug-development-pilot-program
* https://ascpt.onlinelibrary.wiley.com/doi/full/10.1002/cpt.2265
** «Clinical trial delays: America’s patient recruitment dilemma.» 18 Jul. 2012, https://www.clinicaltrialsarena.com/analysis/featureclinical-trial-patient-recruit-

ment/
*** «Impact Reports 2016 — Tufts CSDD 18(1).» http://csdd.tufts.edu/impact-reports
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Introduction

The drug development process faces a triple challenge: 
rising complexity, rising costs, and growing pressure 
on drug prices. Yet amid challenge lies opportunity. 
Developers have access to an ever-greater expanse of 
genetic, molecular, clinical and other health-relevant 
data. Artificial intelligence and other analytics tools 
are accelerating drug discovery, diagnosis and other 
aspects of healthcare. Expedited regulatory pathways 
such as FDA’s Accelerated Approval are helping shorten 
new drugs’ path to patients. 

More improvement is needed in clinical trials, however. 
These remain the most expensive, risky, ethically 
debatable and time-consuming aspect of drug R&D. 
There is a shift - accelerated by the Covid-19 pandemic 
- toward more ‘virtual’ trials using remote patient 
monitoring. But in silico modeling provides a far bigger 
- and largely untapped -  opportunity to make trials 
faster, cheaper, more effective and less burdensome 
for patients. 

Drug developers can now use computational models 
of disease physiology to simulate how their candidate 
molecule will behave in people, before recruiting a 
single patient. Treatment effects can be modeled 
across an unlimited range of ‘virtual’ patients, with 
no constraints over study length or the number of 
hypotheses tested. These models carefully integrate 
data and knowledge in a systematic, actionable 
fashion, taking full advantage of our information age. 

In silico models don’t replace in-person trials; instead, 
they generate insights that enable smaller and more 
targeted studies. Developers can select and advance 
effective medicines in a cost-efficient fashion, and 
patients get faster access.

The secret is out: drug regulators are taking note 
of in silico models’ growing sophistication and 

https://www.fda.gov/drugs/development-resources/model-informed-drug-development-pilot-program
https://www.fda.gov/drugs/development-resources/model-informed-drug-development-pilot-program
https://ascpt.onlinelibrary.wiley.com/doi/full/10.1002/cpt.2265
https://www.clinicaltrialsarena.com/analysis/featureclinical-trial-patient-recruitment/
https://www.clinicaltrialsarena.com/analysis/featureclinical-trial-patient-recruitment/
http://csdd.tufts.edu/impact-reports
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A brief history 
of modeling in 
medicine

Mathematical models have featured in medical 
discovery for at least the last hundred years. 
Today’s in silico approaches are just the latest in a 
progression of increasingly sophisticated models, 
with growing application across drug research and 
development (R&D). 

Models capture and represent aspects of physiology 
– like the movement of blood through the circulatory 
system, or how quickly drugs are absorbed through 
the gut wall – and allow scientists to predict how 
these systems might behave under a range of different 
conditions. 

The foundations for R&D-relevant mathematical 
models emerged in the 1930s, with Swedish physiologist 
Torsten Teorell’s descriptions of how the concentration 
of a drug administered to the body changes over 
time – known as ‘pharmacokinetics’2. Teorell created 
a simple diagrammatic representation of the body – 
a circular pipe for blood flow, in contact with various 
tissue types that absorb the drug, and the kidney 
and liver, which excrete it. He then derived and solved 
differential equations for these processes, working with 
volumes, concentrations, diffusion and permeability 
coefficients. Teorell would later be seen as the “father” 
of pharmacokinetics.
 

US pharmacist Gerhard Levy pioneered 
pharmacodynamics – the study 
of drugs’ effects on the body3,4. He 
derived a related set of mathematical 
equations that captured how the 
changing concentration of a drug in 
the body relates to the size and time-
course of its effects.

2 (n.d.). Torsten Teorell, the Father of Pharmacokinetics. Retrieved October 5, 2021, from https://www.tandfonline.com/doi/pdf/10.3109/03009739509178895
3 (2015, September 24). Preface to the special issue to honor Gerhard Levy and 50 years of .... Retrieved October 5, 2021, from https://link.springer.com/article/

10.1007/s10928-015-9443-z
4 (n.d.). Gerhard Levy - School of Pharmacy and Pharmaceutical Sciences. Retrieved October 5, 2021, from http://pharmacy.buffalo.edu/departments-offices/

pharmaceutical-sciences/phc-faculty/gerhard-levy.html
5 Hodgkin, A. & Huxley, A. (1952) A quantitative description of membrane current and its application to conduction and excitation in nerve, The Journal of

Physiology, 117 (4) https://doi.org/10.1113/jphysiol.1952.sp004764

Today, pharmacokinetics and pharmacodynamics 
(PK-PD) are used together to uncover the relationship 
between drug exposure (or concentration) and 
physiological response. Exposure-response curves are 
crucial in determining the dosage that should generate 
the greatest therapeutic benefit, without provoking 
intolerable side-effects. 

PK-PD models have evolved significantly in scope 
and sophistication since Teorell and Levy. But they 
remain the most prominent exhibit for the utility 
of mathematical models in drug discovery and 
development. Almost every new drug application for 
regulatory approval includes data from PK-PD models. 

—  Models and experiments: mutual 
reinforcement

Mathematical models can do more than just represent 
physical processes or mechanisms. They can also help 
elucidate them. Hodgkin and Huxley’s 1952 model of 
nerve action potentials famously described the pattern 
of electrical excitability and signalling in nerve cells5. 
It was built and refined using extensive experimental 
data relating to ion currents flowing across nerve 
cell membranes. Yet the model also led to certain 
(accurate) predictions around the molecular structure 
and behavior of ion channels that hadn’t, at the time, 
been directly observed. 

Similarly, Arthur Guyton’s 1972 model of human 
circulatory physiology challenged some of the 
prevailing views about how blood pressure and cardiac 
output were controlled. Guyton’s model, like those of 
the modeling pioneers before him, was mostly written 
as mathematical equations capturing simple physical 
laws of (in this case) pressure-flow and pressure volume 
relationships. (See Box: Guyton’s model)
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Guyton’s model

Arthur Guyton’s model of human 
circulatory physiology was far 
from simple, at least at the time. 
It included 354 ‘blocks’, each 
containing one or more equations 
describing some physiological facet 
from across 18 major body systems 
and subsystems, from aortic pressure 
to capillary membrane dynamics, 
lung fluids, hormone secretion and 
kidney dynamics. Even so, the model 
was still only a gross representation 
of reality, as Guyton himself 
acknowledged. But it was good 
enough to help scientists explore the 
relative importance, in quantitative 
terms, of the factors affecting blood 
pressure and circulatory health, 
such as hormone levels, water 
and salt intake and more. It also 
highlighted the body’s extraordinary 
ability to adapt and compensate 
for deficiencies, such as the loss of 
kidney volume.

Guyton’s work showed that even simplified mechanistic 
models help provide a framework for exploring and 
understanding complex biological systems. They “force 
a pattern of logical thinking and logical organisation, 
whether the results in all instances are correct or not,” 
wrote Guyton in his 1972 paper in the Annual Review of 
Physiology 6.

Modeling and scientific 
experimentation (or observation) 
are mutually reinforcing.

Empirical discovery enables more sophisticated 
modeling; those models, through simulations and 
predictions, can uncover how those discoveries play 
out in the world, and suggest further avenues for 
investigation.

As mathematical models helped decipher our complex 
common physiology during the 20th century, they 
also began to capture our differences. Individuals 
metabolise and excrete certain drugs at different rates. 
“Population pharmacokinetics” models first emerged 
in the 1970s as scientists tried to capture and quantify 
this variability in drug exposure-response over a broad 
population7. 

Since then, advances in molecular biology, including 
genomics (and related ‘omics disciplines such as 
proteomics) have helped scientists understand some of 
these variations in a lot more detail. 
PK and PK-PD models continue to grow in 
sophistication as more is understood about the relevant 
molecules, mechanisms and controls involved in drug-
body interactions, and as data and knowledge are 
more effectively combined. Today there are multiple 
approaches to PK modeling, each with strengths and 
weaknesses that are better understood. 

6  Guyton, A. et al. (1972) Circulation: Overall Regulation. Annual Review of Physiology, 34. https://www.annualreviews.org/doi/10.1146/annurev.

ph.34.030172.000305
7 Sheiner et al., (1972) Modeling of individual pharmacokinetics for computer-aided drug dosage. Computers and Biomedical Research, 5. https://doi.

org/10.1016/0010-4809(72)90051-1; Mould & Upton (2012) Basic Concepts in Population Modeling, Simulation, and Model-based drug development. Pharma-

cometrics and Systems Pharmacology. 10.1038/psp.2012.4
8 Sager, J. et al. (2015) Physiologically Based Pharmacokinetic (PBPK) Modeling and Simulation Approaches.

Drug Metabolism and Disposition, 43.  10.1124/dmd.115.065920

PK models are often built from a series of (usually theoretical) ‘compartments’ representing regions of the body with a given 
drug concentration. Sometimes, these compartments may represent particular organs, linked together by blood flow; 
such models are called “physiologically-based” PK models8.  They have led to more refined models of drug absorption, 
which allow investigation of food effects or incomplete/irregular absorption and are crucial in informing drug dosage and 
formulation. 
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—  Toward a systems approach 

Quantitative Systems Pharmacology 
(QSP) models go a step beyond PK-PD, 
integrating further biological pathways 
to uncover and explore how drugs 
interact with the broader system. 

No biological process, or organ, functions in isolation. 
They work as part of a system. The challenge of mode-
ling entire biological systems lies in the multiple feed-
back mechanisms and pathways - including redundant 
pathways - that characterize such complex systems9. 

Modern systems biology tackles just that10. It brings 
together biology, maths, engineering, computing 

Modeling Organs

French software company Dassault Systemes’ “Living Heart” is a computer model of the heart designed 
for simulating trials of therapeutic devices and medicines. It is part of a broader, multi-year collabora-
tion with FDA and industry. A multi-scale model of the brain’s motor cortex - incorporating molecular, 
cellular and network-level effects - was built to investigate dystonia (Neymotin, 2016). Scientists have 
also modelled the dynamics of liver failure and regeneration post resection, to work out which factors 
have the greatest impact on the final outcome (failure vs full recovery). 
 
Meanwhile, “organs on a chip” purport to simulate human organ physiology and pathophysiology using 
microfluidic cell cultures mounted onto a memory-stick sized polymer platform. First developed at Har-
vard’s Wyss Institute during the first decade of the 21st century, organ chips include living organ-specific 
cells and blood vessel wall cells separated by a porous membrane allowing molecular exchange. They 
are a hybrid of mathematical (in silico) and in vitro models.
 
Wyss Institute scientists and collaborators (with funding from DARPA) have more recently linked together 
several organ chips to create a ‘body-on-a-chip’ model to predict drug responses. Meanwhile, The 
Physiome Project, convened by the International Union of Physiological Sciences in 1997, is aiming for 
the ultimate in systems biology: a virtual human. The plan is to integrate multiple models of biological 
systems at every level, from genes and proteins to cells, tissues and organs. Owing to the vastly different 
scales of operation – from the molecular to the muscular – the effort will require a hierarchy of models 
that are linked together in some way.

and statistics to explore how networks of biological 
systems work together, and how disruption in one cor-
ner can affect function in another. It can also uncover 
emergent, system-level properties that may not be 
visible within individual components. 

Systems biology is not new – Guyton’s circulatory model 
could be considered an early example. But the massive 
amounts of quantitative molecular, genomic and other 
biological data available today, plus increasing com-
puter power, have taken it to another level. 

This shift - from conceptual and data driven models 
toward more physiologically-based models - is also 
reflected in efforts to build models of specific organs, 
like the heart, kidney, or even parts of the brain, in order 
to elucidate the nature of disease and uncover new 
treatments. (See Box: Modeling Organs..and the body?)
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9 To the layperson, “complicated” and “complex” may be used synonymously. Mathematicians define a “complex” system as one that includes feedback loops 

and redundant pathways - like all living systems. The outputs of ‘complex’ systems are difficult to predict. Complicated systems, on the other hand, have lots 

of components. But these components interact in more predictable ways. A complex system can also be complicated.
10 Hood, L. et al. (2012)  Revolutionising medicine in the 21st Century though systems approaches. Biotechnology Journal, 7. https://www.ncbi.nlm.nih.gov/pmc/

articles/PMC3962497/pdf/nihms-525368.pdf

https://www.3ds.com/products-services/simulia/solutions/life-sciences-healthcare/the-living-heart-project/
https://www.mdpi.com/2227-9717/6/8/115/htm#B10-processes-06-00115
https://www.scientificamerican.com/article/organs-on-a-chip/
https://www.nature.com/articles/s41573-020-0079-3
https://www.nature.com/articles/s41551-019-0498-9
http://physiomeproject.org/about/molecules-to-humankind
http://physiomeproject.org/about/molecules-to-humankind
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3962497/pdf/nihms-525368.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC3962497/pdf/nihms-525368.pdf


The rise of in silico modeling 

The rapid expansion of computer power, and of biological data and insights, is driving increasingly sophisticated in 
silico models with broader applications across drug discovery and development. 

Regulators already accept computer-based models of medical devices’ mechanistic effects to support device approvals. 
(See Box: Modeling and Medical Devices) 

As the therapeutic landscape grows more complex, with diseases sliced into genomically-defined sub-categories, in 
silico models are increasingly valuable tools in drug development as well.

This explains the growth of in silico modeling activity, broadly captured by the number of PubMed citations over the last 
two decades. (See Chart 1.) 

CHART 1 :  GROWTH OF IN SIL ICO  MODELING ACTIVITY,  BY NUMBER OF PUBMED CITATIONS 
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Source: PubMEd. Data refers to the number of Pubmed citations containing “Systems Pharmacology” in the title, abstract, or body, by year.  This raw count is a 

simplistic approach but shows trends.
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Modeling and medical devices.

In silico modeling is more widespread and widely 
accepted by regulators in the medical devices field 
than in pharmaceuticals. 

Most medical devices are engineering-based 
solutions that provide a primarily physical rather 
than pharmacological function. This function is 
easier to capture faithfully in models than are the 
multiple biochemical reactions triggered by a 
circulating drug. 

FDA “routinely” advises the medical devices industry 
on the use of modeling and simulation to predict 
clinical outcomes, device safety, and to inform 
trial design, optimise dosing and identify the most 
relevant patients. 

Regulatory guidelines around the use of in silico 
modeling for medical devices are informing 
those currently in development for drug-focused 
modeling, as discussed later in this paper.

Examples of in silico models’ supporting medical 
device safety and efficacy information continue to 
multiply.

Stent design

Numerous studies have used in silico models to 
inform the design of stents, expandable scaffolds 
used to widen arteries in patients with coronary 
heart disease.

Recent data from an in-silico trial of an intracranial 
aneurysm treatment using a flow-diverting stent, 
which used computational fluid dynamics to 
quantify post-treatment flow reduction, was shown 
to replicate conventional trial data. It also, through 
virtual experiments, provided new insights around 
the conditions under which treatment could fail (e.g. 
hypertension). Such sub-group analysis would have 
been difficult or impossible using in-person trials.

Understanding cardiac defibrillation 

Modeling the behaviour of cardiac tissue in 
response to electrical currents has helped scientists 
understand more about defibrillation and why it 
sometimes fails to restore normal heart rhythm. 

Progressing ischemic stroke treatment

A multi-disciplinary program to build virtual 
patients and set up in silico trials in ischemic stroke 
was set up in 2020 to help perform preliminary 
safety evaluations of new thrombectomy device 
configurations, medication, and to select patient 
populations for the best treatment outcome.

Imaging device approvals

MRI-based imaging models of the head and neck, 
plus high-resolution images of members of a “virtual 
family” supported approval of Siemens’ 7 Tesla MRI 
scanner in 2017. The FDA-endorsed Virtual Family of 
four has been used in scores of successful medical 
devices submissions. These image-based models 
simulate electromagnetic, thermal, acoustic and 
computational fluid dynamics in the body, and are 
used to help test the safety of medical implants 
during MRI scans, and for evaluating ablation 
devices. 
(See Virtual Humans for Implantable Device Safety 
Assessment in MRI.)
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In therapeutics development, in silico models can do much more than provide vital PK-PD data.

They can complement or replace in vivo (animal) and in vitro models, and improve the design of (and/or cut the size of) 
human trials. For example, modeling can help pin down optimal trial inclusion/exclusion criteria, avoiding unnecessary 
recruitment, or even replace parts of human testing altogether, such as Phase 2 dose-response studies or control arms11. 
(See Box: In silico models supporting R&D)

The emerging in silico modeling landscape in drug R&D includes a diverse set of companies, with activities ranging from 
standard PK-PD modeling to full-suite offerings including quantitative systems biology-based modeling, clinical trial simu-
lations and real-world evidence solutions. (See Box: Selected in silico companies) 

In silico models supporting R&D

Bone model used in regulatory submission (Peterson & Riggs, 2009)
A physiology-based mathematical model of bone and calcium homeostasis, published in 2009 with 
support from Amgen, allows scientists to explore disease states and test multiple hypotheses within a 
highly complex system of cellular, bone and organ dynamics. The model was used to investigate and 
measure changes in plasma calcium during osteoporosis treatment. 
In 2013, the model was used to establish optimal dosing as part of an FDA submission for Shire/NPS’ (now 
Takeda’s) hypoparathyroidism drug Natpara (human recombinant parathyroid hormone). (See https://
www.ncbi.nlm.nih.gov/pmc/articles/PMC4394612/)
 
In silico trials to evaluate dose-response (Chabaud et al., 2002)
In silico evaluation of the efficacy of ivabradine in patients with angina pectoris, helping refine design of 
Phase 3 studies. Simulations using a PK/PD model and a mechanistic model of pathophysiology helped 
elucidate the relationship between intermediate and clinical endpoints. 

Selected in silico companies (non-exhaustive)

Applied BioMath - PKPD models, QSP models, bioinformatics
Certara - PKPD models, QSP models, physiologically-based PKPD
InSysBio - Population and physiologically-based PKPD
Metrum Research - physiologically-based PKPD modeling
Novadiscovery - QSP and knowledge-based models on the JINKO(R) platform
Rosa & Co - QSP models on the PhysioPD platform
SimulationsPlus - Gastroplus PKPD software, QSP models, physiologically-based PKPD

11  Viceconti, M. et al. (2021) Contexts of Use for In Silico Trial Methodologies, Journal of Biomedical and Health Informatics, 25. https://ieeexplore.ieee.org/

document/9462824
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Knowledge-based 
models: Beyond 
PK-PD and QSP
We have seen how models have evolved in scope and 
complexity. Yet even the most sophisticated models 
are simplifications. It’s the simplification that makes 
them useful. Most models are built to address a given 
question or set of questions. Their power lies in how well 
they address those questions; in how accurately they 
can simulate certain real-world processes or events 
given a range of input data. “All models are wrong, but 
some are useful,” goes the saying, attributed to 20th 
century statistician George Box12.

—  Finding relevance in complexity

As the use of in silico modeling in R&D expands beyond 
PK-PD, the question of what type and quality of 
information to include – and what to exclude – has 
become more important. Simplicity and usability must 
be balanced with completeness and accuracy to 
achieve maximum physiological and clinical relevance.

12 Box, G. E. P. (1976), «Science and statistics» (PDF), Journal of the American Statistical Association, 71 (356): 791–799, doi:10.1080/01621459.1976.10480949.
13 https://info.novadiscovery.com/midd-at-nova

Knowledge-based models use both knowledge – 
insights based on data – and data to enable accurate 
simulations and predictions that help address R&D 
questions.

They are an extension of PK-PD and QSP models, 
capturing key processes within disease and treatment-
relevant physiological systems and molecular 
pathways.
 
Quantitative biological markers – levels of an aberrant 
protein, say - are translated into clinical outcomes of 
interest among a given patient population, such as 
tumor growth or acute ischemic stroke.

Novadiscovery (“NOVA”)’s knowledge-based models can be broken down into three parts13: 

A disease model, capturing 
the most relevant 
pathophysiological pathways 
and mechanisms behind a 
particular condition. These 
typically include multiple sub-
models of disease-relevant 
processes and pathways. 
Biological markers are linked to 
clinical outcome(s) of interest 
to the patient and physician.

A treatment model, 
representing a drug’s 
molecular and physiological 
interactions with the body, e.g. 
gut absorption or blood-brain 
barrier transfer 

A ‘virtual population’ of 
individuals with the profile 
of interest. This is a set of 
simulated individual data, 
designed to capture the 
variability seen (in real data) 
across different model 
components among a broader 
population. Virtual populations 
can be characterised along 
several dimensions (e.g. 
molecular markers, age, health 
state)
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FIGURE 1 :  THE STRUCTURED KNOWLEDGE MODEL

Building knowledge-based models involves first cap-
turing relevant information from articles and papers 
within the scientific literature. This information may be 
sourced as text, images or numbers. For instance, it may 
be words or pictures describing a link between certain 
molecular entities, or the time course of a receptor-li-
gand interaction. These pieces of knowledge are trans-
lated into formatted assertions. Any assertion (or claim) 
used in the model is rated on the strength of evidence 
supporting it – such as the number of confirmatory 
observations or experiments, and/or peer-reviewed 
publications. Each claim is also traceable back to its 
source documentation. 

This curation process creates a comprehensive, up-to-
date, verifiable representation of physiology.

Tracking back to sources provides 
transparency and enables models 
to be adjusted as new information 
emerges. 

These steps generate a detailed annotated sys-
tems-diagram with multiple interlinked pathways (see 
Fig. 1).  
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This structured knowledge model is then translated into mathematical equations which are embedded in computer code. 
(See Box: Turning knowledge into maths: how does it work?)

The outputs of these equations are linked in a way that reflects their relationship as depicted in the knowledge model. This 
produces the knowledge-based mathematical model of the system of interest. It can be used to predict the course of the 
disease or the effects of a drug candidate on an individual and/or on an entire virtual population of interest – a simulated 
clinical trial.

—  Does the model work? Context of use, calibration and validation

How do we know the model works? Defining how a model will be used to address the question of interest – its context of 
use (CoU) - is the first step. How far will the model’s predictions go? What won’t it do? 

Turning knowledge into maths: how does it work?

All biochemical and physical processes in the body can be represented mathematically, at some level: 
simple algebraic equations can capture the concentration of a given substance over time, for example; 
differential equations reflect the rate of change of a variable, such as the production of inflammatory 
markers. Many enzymatic reactions and other biochemical binding events, such as antibody-antigen 
binding, can be approximated using equations developed over a century ago by German biochemist 
Leonor Michaelis, and Canadian physician Maud Menten. These capture the link between reaction speed 
and substrate concentration, with assumptions around reaching chemical equilibrium. 

Since then, other mathematical or logical solutions and methods have been proposed to model 
increasingly complex, multistep molecular reactions and interactions, including negative and positive 
feedback loops and system-level dynamics. Disease modeling combines equations representing basic 
individual phenomena, such as a particular reaction, with those that capture whole-system dynamics.

Calibrating the model for the relevant context of use and validating it using an independent data set 
are two further crucial steps in establishing model credibility, and, importantly, acceptance among 
regulators.

Calibration involves selecting the appropriate model input values (parameters) to generate biologically 
plausible outputs that are as close as possible to those observed in the real world. In other words, tweaking 
the model to find a ‘best fit’ between model output and actual experimental or observational output. 

A wide range of data, including pre-clinical and/or clinical data from literature or available datasets, 
may be used to calibrate models, depending on model complexity and context of use. Creating a virtual 
population goes hand-in-hand with model calibration: an initial population is created using plausible 
values for patient descriptors. These descriptor values are refined as calibration progresses, and used as 
model inputs along the way. 

11

https://www.novadiscovery.com/blog/2021/06/22/_22-can-equations-capture-how-our-bodies-work/
https://febs.onlinelibrary.wiley.com/doi/10.1111/febs.15537
https://www.sciencedirect.com/science/article/pii/S1631069114002352?via%3Dihub


Validating a model involves testing how accurately its simulations reflect actual clinical or pre-clinical 
data. Clearly, the dataset used to validate a model must be entirely independent of that which is used to 
calibrate it - the two processes are, in a sense, mirror images of one another.

The more independent data-sets used to validate model output, the better: NOVA’s in silico model of EGFR-
positive non-small cell lung cancer (NSCLC) was validated using two separate lung cancer data-sets, Lux-
Lung 7 and the French ESME real-world data repository14.

Further model validation principles are summarized below. Widely accepted quality control standards are 
critical in ensuring model output is trusted (See Box: In silico validation principles15) 

14   https://info.novadiscovery.com/luad-nsclc-case-study
15   M. Viceconti, M. A. Juárez, C. Curreli, M. Pennisi, G. Russo and F. Pappalardo, «Credibility of In Silico Trial Technologies—A Theoretical Framing,» in IEEE Jour-

nal of Biomedical and Health Informatics, vol. 24, no. 1, pp. 4-13, Jan. 2020, doi: 10.1109/JBHI.2019.2949888.

   IN SIL ICO  APPROACH VALIDATION PRINCIPLES

Traceability Knowledge incorporated into the disease model needs to be fully traceable back to 
each primary source.

Consistency Knowledge incorporated into the disease model needs to be consistent with current 
science.

Bias The mathematical and computational models need to be unbiased representations of 
the selected knowledge. 

Internal validity The disease model needs to be capable of “reproducing” knowledge and data that 
have not been used to design it in the first place.

Independent validation Simulated predictions of clinical trials or in vitro results must be qualitatively and quan-
titatively in line with future trial/experiment/observation outputs.

Sources: J-P Boissel; and footnote 1

12

https://info.novadiscovery.com/luad-nsclc-case-study


Knowledge-based models
help streamline R&D 
Knowledge-based models enable more efficient drug development, thanks to several characteristics:

Few limits on the type, size or scope of the 
virtual population. Developers can test a 
given candidate or mechanism on multiple 
different patient populations, including those 
that are typically omitted in clinical trials for 
various reasons (e.g. children, the elderly, or 
patients with multiple comorbidities). These 
populations can be further characterised 
by particular gene mutation, or a marker 
of cell damage. They can also be designed 
to reflect other relevant variables like 
comorbidities, lifestyle (e.g smoking, diet) and 
environment (e.g. a circulating virus).

Rapid identification of responders. The almost 
limitless population size and scope helps 
developers identify the patient groups most 
likely to respond to the treatment, informing 
a more precise, and thus cost-effective, 
development strategy. 

In-person controls. The same (virtual) individual 
can be modeled either receiving a treatment 
or a placebo/control, providing an unbiased 
in-person control arm that’s impossible in real 
life. Entire synthetic control arms can also be 
built, when an in-person equivalent is unethical 
or impractical16.

Knowledge-based models have already generated 
valuable insights to inform and accelerate clinical 
development across several therapy areas.

They have elucidated and validated drug mechanisms 
of action, identified and characterised patients most 
likely to benefit from treatment, supported clinical trial 
designs and enabled smaller, shorter, and cheaper in-
person studies.

For example, NOVA’s model of non-alcoholic 
steatohepatitis (NASH), an increasingly widespread and 
potentially fatal liver disease, helped identify the most 

effective dosing regimen and patient group for a Phase 
III trial of a repurposed drug candidate. (See Figure 3.) 
The model identified certain measures, such as liver 
fat, fibrosis and inflammation markers, whose baseline 
levels in patients best predicted a positive treatment 
response. This allowed the sponsor to design a real-
life Phase III clinical study most likely to demonstrate a 
significant clinical benefit.

16   https://www.novadiscovery.com/blog/2021/12/01/_01-the-power-of-synthetic-control-arms/
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17 https://info.novadiscovery.com/myocardial-reperfusion-injury-case-study
18 Boissel, J. P., Kahoul, R., Marin, D., & Boissel, F. H. (2013). Effect model law: an approach for the implementation of personalized medicine. Journal of persona-

lized medicine, 3(3), 177–190. https://doi.org/10.3390/jpm3030177
19 https://info.novadiscovery.com/hepatitis-b-case-study

FIGURE 3

In cardiovascular disease, trials typically need to be 
very large to generate statistically significant results. 
NOVA’s multi-component model of myocardial ischemia 
reperfusion injury – damage to heart tissue that 
can occur after heart attack treatment – provided 
supporting evidence for a sponsor’s treatment 
hypothesis, which involved blocking the production 
of certain inflammatory substances in heart tissue17. 
The knowledge-based model also identified the most 
effective treatment intensity and duration, after testing 
different regimens across 200 virtual patients.

The clinical benefit of the experimental treatment 
was then quantified across a larger population, using 
a concept called the Effect Model18. Understanding 
population-level variability also allowed NOVA’s team 
to identify optimal responders, as determined by the 
extent and location of heart tissue damage. 

NOVA’s hepatitis B model is being used to help identify 
the most effective dosing regimen and combination 
strategy with standard-of-care for a new treatment, 
ahead of Phase 2 trials19. 

In silico knowledge-based modeling is not intended as 
a replacement for trials in animals and humans.

Instead, as the examples above illustrate, it helps drug 
developers, at any stage of R&D, to answer specific 
questions about how their candidate molecule or IND 
will behave in vivo. This information directs real-life trials 
that are more focused, shorter, and less onerous for 
patients and investigators alike. (See Box: Strengths of 
NOVA’s approach)
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Strengths of NOVA’s approach

Relevant: Combines both data and knowledge to create comprehensive, highly relevant models of 
disease and treatment
Transparent: White box approach offers full traceability, and a transparent means of updating and 
querying model assumptions and design.
Collaborative: Platform designed to encourage collaboration on model design and inputs 
Unlimited: Virtual populations are unlimited in size, and thus can encompass a wider, and potentially more 
representative, range of characteristics. Each individual virtual patient can also provide its own control. 
Widely applicable: Models can be used to inform drug discovery (e.g. target validation), development 
(trial design/patient selection), approval and post-marketing (real world efficacy/benefit)
Proven: Models have already enabled shorter, more focused and thus less expensive clinical trials
Ethical: Minimises exposure of animals and humans to un-tested treatments and potentially less effective 
controls
Reproducible: transparent, collaborative design allows simulations to be repeated

NOVA’s JINKO® clinical trial simulation platform allows users to interrogate disease 
and treatment models, and to build virtual patient populations. It is designed to offer 
full transparency on model design and assumptions, and to encourage collaboration.
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Regulators support 
use of in silico 
modeling in drug 
R&D

Regulators are excited by in silico 
modeling’s potential to support 
and expedite drug R&D.

They draw confidence from the increasingly widespread 
use of modeling and simulation in device development, 
where model methodologies are evolving to further 
support “continued product innovation and more 
rapid introduction of life-saving technologies to US 
patients20.”
 
In 2018, the US Food and Drug Administration (FDA) 
issued standards for models used in medical device 
submissions. The were underpinned by principles of 
model validation and verification, from the American 
Society of Mechanical Engineering (ASME)’s Verification 
& Validation (V&V 40) standard21. 

The same year, FDA took action around modeling in 
drug development. It launched its Model Informed 
Drug Development (MIDD) program to engage industry 
partners and help build regulators’ understanding 
of, and expertise around, the more complex in silico 
models available to inform drug R&D. NOVA was among 
the first participants in the MIDD pilot program, which is 
accepting applications until mid-June 2022. 

The use of in silico modeling to inform, or even replace 
parts of, clinical drug trials requires a new set of 
regulations, even if based around the same principles 
of model validation and verification. Efforts have 
already begun to build a shared operational framework 

for evaluating in silico models and simulation output, 
with input from multiple stakeholders across different 
disciplines.   

A 2020 paper co-authored by 
academics, industry experts and 
regulators outlines ten general 
principles that model-builders and 
users should adhere to22. These include 
using contextually appropriate data, 
explicitly outlining model limitations, 
documenting fully and appropriately, 
and disseminating models as broadly 
as possible so that others can test 
them and replicate their results. They 
also advocate independent reviews 
and comparing newer iterations of 
existing models against their forebears. 

European regulators are, similarly, laying the 
foundations of an evaluation framework for in silico 
models23.  The European Medicines Agency’s (EMA) 
strategic goals for 2025, published in 2020, include 
“optimising capabilities in modeling, simulation and 
extrapolation,” alongside greater exploitation of digital 
technologies and AI in decision making24. 

For now, the rules and principles outlined by both FDA 
and EMA representatives are very general, and most 
sound like common sense. But they are nevertheless 
a critical starting point for defining standards and 
for building trust among healthcare stakeholders25. 
The rules around in silico models will have to evolve 
in line with modeling methodologies and biomedical 
knowledge. They will need to combine flexibility 
around different use-cases, with rigorously upheld core 
principles26.

Achieving this balance may be difficult, but few argue 
with the need to turn in silico modeling into a trusted, 
effective addition to traditional drug R&D. 

20 Morrison, Tina (2018): FDA Perspectives on Computer Simulations in the Evaluation of Medical Devices. figshare. Journal contribution. https://doi.

org/10.6084/m9.figshare.6030737.v1 
21 (n.d.). Application to Medical Devices - ASME - The American Society of .... Retrieved October 5, 2021, from https://www.asme.org/codes-standards/

find-codes-standards/v-v-40-assessing-credibility-computational-modeling-verification-validation-application-medical-devices
22 Erdemir, A., Mulugeta, L., Ku, J.P. et al. Credible practice of modeling and simulation in healthcare: ten rules from a multidisciplinary perspective. J Transl Med 

18, 369 (2020). https://doi.org/10.1186/s12967-020-02540-4
23 Musuamba et al. (2021) Scientific and regulatory evaluation of mechanistic in silico drug and disease models in drug development: Building model credibility, 

Pharmacometrics and Systems Pharmacology, 10 (8) https://doi.org/10.1002/psp4.12669
24 EMA (2020) Regulatory Science to 2025; Strategic Reflections. Available at: https://www.ema.europa.eu/en/documents/regulatory-procedural-guideline/

ema-regulatory-science-2025-strategic-reflection_en.pdf
25 Coveney P. and Highfield R. (2021) When we can trust computers (and when we can’t) Phil. Trans. R. Soc. A.3792020006720200067 http://doi.org/10.1098/

rsta.2020.0067
26 https://www.novadiscovery.com/blog/2021/08/04/_04-building-trust-in-in-silico-modeling/
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—  Improving R&D economics

More informed - and thus better - 
decision-making at any and each 
stage of drug R&D can significantly 
improve the economics of R&D27.

That makes sense intuitively - costs will be saved if 
poor compounds are killed early, and promising ones 
progress more rapidly, with focused trial designs, fewer 
subjects and shorter timelines. 

Multiple benefits of using modeling and simulations 
in R&D were reported from participants in FDA’s MIDD 
pilot program. They included time-savings of up to 
two years, thanks to accelerated decision-making, 
reduced trial sizes and trials that could be skipped 
entirely. Development cost savings ranged from one to 
$70 million28.

—  Knowledge-based models can inform 
HTA

Knowledge-based in silico models can also inform 
health technology assessment decisions, by helping 
predict drugs’ effectiveness across a broader more 
heterogeneous population, and guiding more efficient 
real-world data collection. For example, by creating 
a range of virtual populations with different health 
characteristics, modeling can help identify which 
patients are most likely to benefit from treatment - and 
which may not. 

As more drugs receive accelerated approval, the need 
for post-marketing efficacy and safety data collection 
is growing. In silico-generated evidence can direct and 
complement RWE collection in a rapid, flexible and 
cost-effective manner29.

27 Scannell JW, Bosley J. (2016) When Quality Beats Quantity: Decision Theory, Drug Discovery, and the Reproducibility Crisis. PLoS One. 2016 Feb 

10;11(2):e0147215. doi: 10.1371/journal.pone.0147215.
28 Galluppi et al. (2021) Industrial Perspective on the Benefits Realized From the FDA’s Model-Informed Drug Development Paired Meeting Pilot Program. Clin 

Pharmacol Ther, 110: 1172-1175. https://doi.org/10.1002/cpt.2265
29 How in silico can support HTA https://www.novadiscovery.com/blog/
30 Ambe, K. et al. (2021) In Silico Approach to Predict Severe Cutaneous Adverse Reactions Using the Japanese Adverse Drug Event Report Database, Clinical 

and Translational Science, 14. https://doi.org/10.1111/cts.12944

—  In silico complements Artificial 
Intelligence 

In silico modeling is also highly complementary to 
another transformational force in medicine: artificial 
intelligence. The use of AI is also growing rapidly, from 
drug discovery through to diagnosis and delivery; it can 
also help predict rare, drug-related adverse events30 
But AI is purely data based - a number-crunching 
game that derives patterns and correlations from high 
volumes of data, with no explicit assumptions about 
causality or underlying mechanisms. Knowledge-based 
models make predictions based on physical laws and 
an understanding of how things are connected (as 
well as data). They avoid the problem of hidden data 
- data that is relevant, but missing or overlooked - by 
capturing the underlying phenomena in the model. In 
short, AI feeds only on data. Knowledge exists even in 
areas where there is little or no data.
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31  https://www.novadiscovery.com/blog/2021/11/24/_24-mechanistics-models-and-ai/
32 https://www.propublica.org/article/how-we-analyzed-the-compas-recidivism-algorithm
33 http://www.consort-statement.org
34 https://clinicaltrials.gov

Challenges facing the adoption of in silico 
modeling in drug R&D
—  Lack of standards 

Several challenges remain to the widespread adoption of modeling and simulation in drug R&D.

Most relate to a lack of established regulatory standards, which in turn are held back by a lack of common practice across 
the industry. Some companies in the field continue to offer PK/PD modeling as a core competence but are attempting to 
grow beyond that. Others, like NOVA, have built complex disease and treatment models from scratch, taking advantage of 
the growing body of medical knowledge.

This diversity has left some key questions unanswered. For example, what sized error margin should be allowed when 
assessing a model’s validity? How closely should a model strive to replicate real world clinical data, which itself is imperfect 
and heterogenous? And do fixed thresholds and measures of validity and predictive power make sense anyway, given that 
each in silico model will have its own context of use and goals? 

Alongside a lack of quality control, there are no reporting guidelines or data repositories for in silico trials, equivalent to the 
CONSORT statement and clinicaltrials.gov for conventional studies33,34.

—  Inconsistent terminology 

Inconsistent terminology is another problem. “In silico”, “virtual” or “simulated” trials are often used interchangeably. Models 
that expand beyond PK-PD to capture clinical efficacy outcomes are sometimes referred to as “quantitative systems 
pharmacology” (QSP). In some cases, QSP and “knowledge based models” may appear interchangeable. (See Box: 
Terminology)

The approaches can enhance one another31. AI might throw up unexpected or unexplained patterns in data whose origins 
might be explored and identified using a mechanistic model. That model, in turn, may be adjusted and enhanced to 
capture more faithfully the disease or mechanism of interest. 

Using complementary approaches may also help reduce bias - a recurring risk in most data analysis efforts. Bias may 
occur in the selection of data used to build models or run algorithms, and/or in the design of the models/algorithms 
themselves. Racial bias was found in algorithms used to predict recidivism in the US, for example32.
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Terminology

The terminology around in silico modeling can be 
confusing. Some terms are used interchangeably; 
standard terms have yet to be defined and 
agreed in this young, rapidly-evolving field. Use 
of knowledge-based models also requires a 
more precise definition of terms currently used in 
pharmacology. 

In silico modeling: using computers to model 
systems or behaviors
In silico medicine: use of computers and computer 
models to inform diagnosis, treatment or drug 
development
In silico trial: a computer-simulated clinical trial, 
using disease models and virtual patients

AI: artificial intelligence. Broad term often used 
to refer to machine learning - using computers 
to detect patterns in large volumes of data, and 
draw conclusions or make predictions from those 
patterns.
Clinical trial simulation: simulating trials using 
computer models of physiology, patho-physiology 
(disease) and drug mechanisms
Computational biology: applying mathematical 
modeling and data analytics to biology and the 
study of biological systems. 
Digital twin: a virtual representation of an object, 
system or person. 
Disease model: a mathematical model capturing 
disease mechanisms 
External control arm: a group of patients outside 
the trial setting, who receive either no treatment 
or a different treatment, and whose outcomes are 
compared with those within the trial. The external 
control arm may comprise patients from an earlier 
time (historical control), or from the same time in a 
different setting. 

Knowledge-based models: a highly patient-
relevant extension of QSP, comprising a disease 
model, treatment model and virtual patient 
population. KBMs capture key processes within 
disease and treatment-relevant physiological 
systems and molecular pathways, and translate 
quantitative biological markers into clinical 
outcomes of interest.
Network biology: study of the structure, function, 
control and application of biological networks, 
including at the molecular, cellular and system level.
Network medicine: applying network biology/
science to disease prevention and treatment 
PKPD: pharmacokinetics and pharmacodynamics. 
Respectively, how a drug is affected by the body 
(e.g. its concentration); how a drug affects the body 
Pop PKPD: population-level pharmacokinetics and 
pharmacodynamics
Quantitative systems pharmacology (QSP): an 
extension of PKPD, encompassing a broader 
scope of disease-related biological processes and 
systems in predictions of PD and clinical efficacy 
outcomes. 
Synthetic data: data not obtained by direct 
measurement, including for instance model-derived 
data.
Synthetic control arm: a computer-simulated 
control arm, modeling data from virtual control 
patients (not receiving active treatment)
Systems biology: the multi-disciplinary study of how 
biological systems work together. Systems biology 
taps into expertise across biology, maths/statistics, 
engineering and computer science to understand 
system-level mechanisms and effects.
Virtual patient population: data points for multiple 
simulated patients, capturing population-wide 
variability 

19

https://www.nature.com/articles/nrg1272
https://web.uniroma1.it/stitch/node/5613


—  Rapid pace of change

A further challenge comes from the rapid pace of 
progress across biomedicine, computer modeling 
and data analysis. Modeling - and models - are not 
static. They evolve in line with scientific understanding 
and new methodologies. That means standards and 
norms must be flexible, while also maintaining sufficient 
consistency to be trustworthy.

The rapid accumulation of data, including new kinds 
of data from new sources, presents further challenges 
around quality and interoperability. This also adds 
urgency to existing efforts to ensure clear data privacy, 
security and governance rules.

—  Mindsets

Adopting in silico modeling to inform clinical 
development requires not only new skills, but also a shift 
in mindset. Some scientists, accustomed to working in 
wet-labs, are skeptical of computer models’ ability to 
inform real-life research and development. 

Larger pharmaceutical companies typically have 
internal modeling teams focused on more traditional 
PK-PD analyses. This can help open minds to the 
broader use of in silico modeling, but may also restrict it 
to within those pre-defined boundaries.

35 Marshall, S. et al. (2019). Model-Informed Drug Discovery and Development: Current Industry Good Practice and Regulatory Expectations and Future Pers-

pectives. CPT: pharmacometrics & systems pharmacology, 8(2), 87–96. https://doi.org/10.1002/psp4.12372

Addressing these challenges will take time, and requires 
a coordinated approach from regulators, clinical 
experts and industry stakeholders. But the urgent need 
to expedite drug development, reduce cost and limit 
the trial burden on patients provides a strong tailwind. 
And there is progress: industry’s efforts to date to lay 
down good practices around model-informed drug 
discovery and development were found to be broadly in 
line with regulators’ emerging expectations, according 
to a survey published in 2019 by modeling-focused 
representatives from FDA, EMA and Big Pharma35.

Increasing acceptance of model-
informed drug discovery and 
development...by industry and 
regulators via improved education, 
communication and process 
utilization, is a priority.

MARSHALL S.  ET AL .  2019 

20

https://doi.org/10.1002/psp4.12372


Conclusion 
In silico methods have great potential to predict, preselect and de-risk many aspects of the 
drug development process. 

The unsustainably high cost of R&D and the growing - and equally unsustainable - trial burden 
on humans (and animals) make this a pressing need. So do patients’ expectations of timely 
access to life-saving medicines at a reasonable cost.

As diseases are broken down and understood in more detail, treatments are becoming more 
complex and more personalised, tailored to ever-narrower patient subgroups. Traditional 
randomised controlled trials are the gold standard in drug development and will likely continue 
to do so for the foreseeable future. But depending on the purpose, different trial designs are 
necessary to be able to test subgroups of patients, address rising costs, and accelerate the 
process from bench to bedside. Adaptive trials, external control arms, emulated target trials of 
observational data and the growing use of real-world data are already changing the field. 

There are compelling reasons to complement those studies with carefully designed simulations 
that can inform and enhance the traditional processes - for industry, regulators and, most 
importantly, patients. 
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