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The VPH-Physiome Project: Standards and Tools for
Multiscale Modeling in Clinical Applications

Peter J. Hunter and Marco Viceconti

Methodological Review

Abstract—The revolution in molecular biology over the past 50
years has given us an extraordinarily detailed “parts list” for life,
but little understanding of how the parts integrate into the physi-
ological function of the healthy and diseased human body. In con-
trast, the engineering sciences, from a detailed knowledge of its
components, have successfully explained how a plane actually flies.
The key difference is the use of mathematical models based on
physical principles and a systematic approach to knowledge man-
agement. In this review, we describe the efforts of the Virtual Phys-
iological Human (VPH) Physiome Project to address the challenge
of integrating molecular, cellular and tissue/organ structure and
function through the use of multiscale modeling based on the devel-
opment of community standards, open source tools and web-acces-
sible databases. We illustrate two applications of the framework,
one to cardiology and one to bone fracture prediction in the el-
derly.

Index Terms—Bioengineering, computational physiology, multi-
scale modeling, physiome, VPH.

I. INTRODUCTION

H EALTHCARE services throughout the developed world
face the escalating costs of treating populations who ex-

pect longer and higher quality lives. Meeting this social and eco-
nomic challenge requires better strategies for disease prediction
and medical treatment that is more personalized and evidence
based. Over the last 50 years biomedical science has yielded
a wealth of reductive knowledge of the human body, most no-
tably with the human genome project, but has made relatively
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little effort to integrate this knowledge back into physiolog-
ical understanding and therefore evidence-based medical treat-
ment. In almost every other area of human activity—commu-
nication, transport, entertainment, weather and climate predic-
tion, to name a few—the physical and engineering sciences play
a crucial role. Bioengineering has of course had a substantial
impact on medical practice through medical devices and diag-
nostic imaging equipment, but the impact from 150 years of sci-
entific progress in physics, engineering, and mathematics on the
biomedical sciences, and therefore evidence-based medicine,
has been relatively slight.

To help bring the quantitative and predictive power of the
mathematical sciences into the biological sciences, and to take
advantage of an engineering approach to biological materials
and a more systematic approach to the knowledge management
of multiscale physiological data, the International Union of
Physiological Sciences (IUPS) initiated the Physiome Project
in 1997.1 A related U.S. initiative by the Interagency Modeling
and Analysis Group (IMAG) was begun in 2003.2 Following
the publication of the STEP3(“Strategy for a European Phys-
iome”) roadmap in 2006, the European Commission initiated
the Virtual Physiological Human (VPH) project4 in 2007. These
projects and similar initiatives in Japan5 and Korea 6 are now, to
some extent, coordinated and are collectively referred to here
as the “VPH-Physiome” project.

1The concept of a “Physiome Project” was presented in a report from the
Commission on Bioengineering in Physiology to the International Union of
Physiological Sciences (IUPS) Council at the 32nd World Congress in Glasgow,
U.K., in 1993. The term “physiome” comes from “physio” (life) �“ome” (as
a whole) and is intended to provide a “quantitative description of physiolog-
ical dynamics and functional behavior of the intact organism” [2]–[4]. A satel-
lite workshop “On designing the Physiome Project,” organized and chaired by
the Chair of the IUPS Commission on Bioengineering in Physiology (Prof. Jim
Bassingthwaighte), was held in Petrodvoretz, Russia, following the 33rd World
Congress in St. Petersburg in 1997. A synthesium on the Physiome Project was
held at the 34th World Congress of IUPS in Christchurch, New Zealand, in Au-
gust 2001, and the Physiome Project was designated by the IUPS executive as
a major focus for IUPS during the next decade.

2This coordinates various U.S. Governmental funding agencies involved in
multiscale bioengineering modeling research including NIH, NSF, NASA, the
Department of Energy (DoE), the Department of Defense (DoD), the U.S. De-
partment of Agriculture, and the Department of Veteran Affairs. See www.nibib.
nih.gov/Research/MultiScaleModeling/IMAG.

3The STEP (“Strategy for a European Physiome”) report is available at www.
europhysiome.org/roadmap

4See www.vph-noe.eu for details on the 15 projects funded under the VPH
calls.

5See www.physiome.jp for details on the Japanese Physiome Project.
6See www.physiome.or.kr for details on the Korean Physiome Project.
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The primary goal of the international VPH-Physiome Project
is to develop, promote, and facilitate the use of computational
models, data, software tools, and web services for understanding
the human body as an integrated system. In common with other
areas of application of modern scientific methods, medical prac-
tice will benefit from technologies in which digital data enables
predictable outcomes through quantitative models that integrate
physical processes across multiple spatial scales. Computational
tools are also being developed to link individual patient data
with virtual population databases via the knowledge of biolog-
ical processes encoded in mathematical models.

We discuss some of the standards, model and data reposito-
ries, tools and workflows being developed by the VPH-Phys-
iome project to support multiscale modeling in clinical settings.
The application of these tools is illustrated in the context of
two projects that are attempting to apply the VPH-Physiome
approach to healthcare. The first involves multiscale modeling
in the heart and illustrates the coupling of physical processes at
both cellular and organ level scales. The second is an orthopedic
research project aimed at predicting the likelihood of fracture in
the femur. In both cases, the goals of the projects are to better
understand the multiscale physiology and pathophysiology of
the organ system and to apply this understanding in the clinic.

II. INFRASTRUCTURE FOR VPH-PHYSIOME PROJECT

The VPH-Physiome Project aims to provide a systematic
framework for understanding physiological processes in the
human body in terms of anatomical structure and biophysical
mechanisms at multiple length and time scales. The importance
of establishing a solid foundation for the VPH by creating
model and data standards, together with mechanisms for
achieving model reproducibility and reuse, was recognized
in the STEP Roadmap. The framework includes modeling
languages for encoding systems of differential-algebraic equa-
tions (e.g., CellML7—and SBML8) and the spatially varying
fields used with systems of partial differential equations (e.g.,
FieldML9). In both cases, the parameters and variables in the
mathematical models are annotated with metadata that provides
the biological meaning. The languages encourage modular-
ization and have import mechanisms for creating complex
models from modular components. Model repositories have
been established, together with freely available open source
software tools to create, visualize, and execute the models. The
CellML repository10 now includes models for a wide variety of
subcellular processes.

The development of a biophysically based mathematical
model is a creative endeavor, often requiring a great deal of
insight into the physical processes being modeled and personal
judgment about the approximations needed to satisfy Einstein’s
maxim that “a model should be as simple as possible but
no simpler.” Once created, however, a model should stand
independent of its creator and be reproducible and testable by
others. The model and data files that together can demonstrate

7www.cellml.org
8www.sbml.org
9www.fieldml.org
10www.cellml.org/models

reproducibility of a model on an automated basis are called
the reference description of the model. The issue of robustness
and reproducibility is particularly important when a model
representing some small component of physiological func-
tion is incorporated into a more comprehensive model—and
especially one that is to be used in a clinical setting. To be
worthy of reuse in this fashion, each independently developed
component should be demonstrably “correct” for the function it
claims to represent, in the sense both of biological validity—it
matches some aspect of biological reality—and mathematical
validity—for example, it has consistent units and does not
violate physical principles such as conservation of mass or
charge.

The general strategy for developing the modeling standards
is as follows.

1) Develop markup languages (MLs) for encoding models,
including metadata, and data.

2) Develop application programming interfaces (APIs) based
on the MLs.

3) Develop libraries of open source tools that can read and
write the ML encoded files.

4) Develop data and model repositories based on MLs.
5) Develop reference descriptions to demonstrate model re-

producibility.
6) Implement web services for a variety of tasks including ac-

cess to automated scripts to run the models and compare re-
sults against experimental data, optimize parameter values
for new experimental data, and provide sensitivity analyses
for changes in model parameters.

A useful way of viewing the development of standards is
shown in Table I, where progress in developing a specification
of the minimal requirements for data, models and the simulation
experiment are shown, along with the standards for the syntax
of the data, models, or simulation experiments and the ontolo-
gies for annotating the semantic meaning of terms in the data,
models, or simulation experiments.

Establishing these standards and model repositories has been
a primary goal of the VPH-Physiome Project for the past ten
years [42] and has been an important step in achieving a robust
foundation for the modeling community—particularly when the
curated models are available at the time of publication, as is
increasingly the case.

The entities represented in a CellML model are shown in
Fig. 1 [57]. The CellML model file on the left contains the base
model with its imports, units, components, connections, and
groups described in XML format, and the metadata in RDF
format. The annotation of CellML variables with biological
and biophysical meaning is handled via cmeta:id links to terms
stored in RDF format in a separate OWL file. Further metadata
are needed to specify the simulation parameters (using the
SED-ML standard, see www.ebi.ac.uk/compneur-srv/sed-ml/)
and a graphical output standard.

The next goal is to develop data standards and improved
databases for model parameter sets, including the ability to
record the provenance of parameters. Parameter sets can be
stored in CellML files, for example, but there are currently no
mechanisms for annotating the experimental origin of these
parameters and their dependence on species, temperature, pH,
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TABLE I
MINIMUM INFORMATION STANDARDS, SYNTAX AND SEMANTICS BEING DEVELOPED FOR DATA, MODELS AND SIMULATION EXPERIMENTS.

11. WWW.EBI.AC.UK/MIRIAM/. 12. WWW.EBI.AC.UK/COMPNEUR-SRV/MIASE/. 13. WWW.RCSB.ORG/PDB/HOME/HOME.DO. 14. MEDICAL.NEMA.ORG/.
15. WWW.EMBS.ORG/TECHCOMM/TC-CBAP/BIOSIGNAL.HTML. 16.WWW.EBI.AC.UK/COMPNEUR-SRV/SED-ML/. 17. WWW.GENEONTOLOGY.ORG/.

18. WWW.BIOPAX.ORG/. 19. SIG.BIOSTR.WASHINGTON.EDU/PROJECTS/FM/ABOUTFM.HTML. 20. WWW.EBI.AC.UK/SBO/.
21. SIG.BIOSTR.WASHINGTON.EDU/PROJECTS/BIOSIM/OPB-INTRO.HTML. 22. WWW.EBI.AC.UK/COMPNEUR-SRV/KISAO/

Fig. 1. Entities in a CellML model.

etc., is often obscure. Having the models and data available in
standardized formats with clearly stated dependencies will im-
prove the utility of models and facilitate the creation of work-
flows that can generate model results from parameter sets and
input data in order to compare model predictions with exper-
imental data in an automated fashion. The goal is both to im-
prove the reusability of models and to clarify their limitations.

One of the open source tools being developed for the VPH-
Physiome project is illustrated in Fig. 2. Other VPH-Physiome
tools are illustrated in the context of the examples below.

The following two examples are intended to illustrate the
use of these VPH-Physiome standards and tools in two clini-
cally focused projects, one a multiscale heart modeling project
and the other an orthopedic project on predicting hip fractures.
The first example on the cardiac physiome project is chosen be-
cause it is the most advanced of the physiome projects in terms
of linking models across multiple spatial scales. The second
example on hip fracture prediction is also illustrated here be-
cause it highlights a range of clinical implementation issues for
VPH/Physiome models.

III. CARDIAC PHYSIOME PROJECT

Cardiac modeling provides a good example of the use of
multi-physics and multiscale physiome modeling standards and
tools. At the organ level the models include the coupled elec-

tromechanics of the myocardium, with detailed models of tissue
structure, coupled to blood flow in the ventricles and coronaries.
At the cell level the models include membrane ion channel elec-
trophysiology, calcium transport, myofilament mechanics, sig-
naling pathways, and metabolic pathways. We first briefly re-
view the technologies used for imaging cardiac structure at mul-
tiple length scales and how these images are segmented and used
to construct anatomically based models on which the equations
representing physical laws can be solved.

A. Cardiac Imaging Technologies

The structure of biological tissues can be imaged at spatial
scales from protein and subcellular levels to tissue, organ, and
organ system levels. Some of these imaging techniques are illus-
trated for the heart in Fig. 3. Starting at the smallest scale, X-ray
diffraction techniques yield protein structure at about 0.5-nm
resolution [Fig. 3(a)]. Electron tomography has the capacity to
image 3-D subcellular structure at the 5-nm level [Fig. 3(b)].
With image registration across multiple scanned tissue samples,
confocal imaging can provide 3-D reconstruction of complete
transmural cross sections of, for example, the ventricular wall
[see Fig. 3(c)]. Multi-photon and confocal imaging routinely
gives 500-nm resolution on soft tissues, although with the use
of single molecule fluorescent markers such as GFPs coupled to



HUNTER AND VICECONTI: VPH-PHYSIOME PROJECT: MULTISCALE MODELING IN CLINICAL APPLICATIONS 43

Fig. 2. Screen shot of the freely available, open source software openCell. This is one of a number of software programs that read and write CellML files and
run simulations (www.cellml.org/tools). The particular model displayed here is the ten Tusscher human cardiac electrophysiology model—see www.cellml.org/
models/tentusscher_noble_noble_panfilov_2004_version05.

Fig. 3. Some of the imaging techniques used to measure cardiac structure and function at multiple spatial scales: (a) X-ray diffraction, (b) Electron tomography,
(c) Confocal imaging, (d) Micro CT, and (e) MRI.

quenching techniques that eliminate background illumination,
optical imaging techniques are now pushing down to 50-nm res-
olution. Micro-CT, in which a specimen is imaged with a col-
limated X-ray source from multiple incident angles to build a
3-D tomographic reconstruction, provides about 5-nm resolu-
tion on suitable contrast enhanced tissue [Fig. 3(d)]. Magnetic
resonance imaging (MRI) has the capacity to image intact or-
gans at about 0.1-mm resolution [see Fig. 3(e)] and when used
with tagging can provide direct information on tissue movement
in a clinical setting. A number of other imaging technologies,
such as helical scan CT, positron emission tomography (PET),
and ultrasound (US), are used clinically for noninvasive imaging
of structure and function at about 1-mm resolution.

B. Image Segmentation and Modeling at Different Spatial
Scales

The process of creating anatomical models from these images
and then solving the equations representing biophysical pro-
cesses is illustrated at various spatial scales in Fig. 4, from organ
system (top) to subcellular (bottom). In each case, the process
of creating the anatomical model is similar: The raw image
data in the first column on the left is processed and segmented
to provide a clearly defined boundary (second column) from
which a computational mesh can be generated (third column).
Finally, the computational mesh (right-hand column) is used to
solve systems of equations representing the governing physical
principles—such as conservation of mass, conservation of mo-
mentum, and conservation of charge.
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Fig. 4. Illustration of the process (left to right) of segmenting image data to create computational meshes on which the equations representing biophysical processes
can be solved for each of the four spatial scales characteristic of the physiome project—organ system, organ, tissue, and cell. A similar process, not shown, occurs
at the protein level, where X-ray diffraction data gives rise to 3-D atomic structure on which molecular modeling allows protein phenotype to be predicted. In fact,
a model at any one scale needs to merge different physical processes that operate at each of these spatial scales. The biophysical processes being modeled in the
right-hand column are, from bottom to top, calcium diffusion from ryanodine receptor (RyR) release sites to troponin-C (TnC) binding sites in the cardiac myocyte,
electrical activity in a transmural block of myocardial tissue, the spread of electrical activation and the subsequent mechanical contraction around the left ventricle,
and the spread of cardiac generated electrical activity over the torso together with the computed vector cardiogram [45].

The first row (labeled “organ system”) in Fig. 4 shows an
image of the torso, followed by the segmented boundaries of
the structures within the torso (heart, lungs, thoracic muscles,
and skin). The third and fourth images are the computational
mesh and the potential distribution on the skin surface gener-
ated by currents flowing out of the heart and into the thoracic
cavity. The second (“organ”) row shows an MRI image of the
heart in the torso, from which the endocardial and epicardial
ventricular surfaces (second image) are segmented to produce
the computational heart mesh (third image). The final image
shows the predictions of the electrical activation and mechanical
contraction of the ventricular myocardium. The third (“tissue”)
row shows first the raw data from confocal imaging, followed
by the segmented collagen structure, then a computational mesh
based on the myocardial sheet structure and finally a prediction
of the activation wavefront moving through the tissue structure.
The fourth (“cell”) row shows an electron microscopy image
of the cardiac myocyte followed by segmented surfaces of the
transverse tubules and surrounding junctional endings of the sar-
coplasmic reticulum. This is used to create the 2-D mesh that is
then used to examine calcium fluxes released from ryanodine
receptors and taken up first by binding to troponin C (to activate
myofilament contraction) and then the SERCA pumps that re-
cycle calcium back to the release sites. Not shown in Fig. 4 is
the multiplicity of biophysical processes that operate at each of
these levels.

C. Linking Spatial Scales

The hierarchy of spatial scales for heart modeling is il-
lustrated in Fig. 5. Note that a number of physical processes

must be integrated at each scale. For example, at the organ
level, the large deformation mechanics of the ventricular wall
is coupled to the computational fluid dynamics of blood flow
within the ventricles and in the coronary vasculature and pro-
vides the moving domain for solving the reaction-diffusion
equations that determine the propagating myocardial activation
wavefront. The current that drives the activation processes,
however, is generated by membrane ion channels and these in
turn are linked at the subcellular level to many biophysical pro-
cesses, including calcium transport, myofilament mechanics,
metabolic pathways, signal transduction pathways, proton and
bicarbonate control, and gene regulatory pathways.

The process of linking multiple biophysical processes across
these scales is illustrated in Fig. 6. At the organ level the pro-
cesses are myocardial activation, ventricular wall mechanics,
ventricular blood flow and heart valve mechanics, coronary
blood flow, and neural control. All of these processes must
be modeled within an integrated framework to capture the
substantial interactions, and all have the same requirement to
link down to tissue and cell properties. At the cell level the
various cellular processes such as electrophysiology, calcium
transport, myofilament mechanics, metabolic pathways and
signaling networks, also need to be modeled together and these
are described using the CellML framework. In some cases, the
cellular level models, such as ion channel electrophysiology,
have parameters that are derived from lower level processes,
such as Markov models, and these in turn will at some future
stage be formed by coarse grained approximations of molecular
dynamics models, as shown on the lower right in Fig. 6.
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Fig. 5. Multiscale cardiac physiome modeling hierarchy from genes to the whole organism. Parameters used in a model at one scale can often be derived from a
more detailed model at a lower spatial scale.

Fig. 6. Types of model used in the multiscale modeling hierarchy. Models based on systems of ODEs and algebraic equations are shown in blue (so-called
“lumped parameter” models) and these are encoded in CellML. Models that require the solution of partial differential equations are shown in pink and are encoded
in FieldML. The FieldML models link to CellML models at material points in the tissue. The arrows above are shown as unidirectional but, in fact, information
flows both ways. The models shown in gray will be linked into the cardiac modeling hierarchy in the future.

The open source tool used to visualize the tissue and organ
models shown in Fig. 5 is cmGUI (www.cmiss.org/cmgui).
Similar tools are GIMIAS (www.gimias.org) and MAF
(www.biomedtown.org/biomed_town/MAF). The open
source simulation tools used for solving the partial differ-
ential equations at the tissue/organ level is OpenCMISS

(www.cmiss.org/openCMISS). Other similar tools are Con-
tinuity (www.continuity.ucsd.edu/Continuity) and Chaste
(web.comlab.ox.ac.uk/chaste).

We next discuss building composite models by combining
cellular models of different physical processes. The tool used
to build the composite myocyte model is OpenCell (see Fig. 2).



46 IEEE REVIEWS IN BIOMEDICAL ENGINEERING, VOL. 2, 2009

D. Building a Composite Cell Model

Along with cardiac excitability (included here via the Pandit
et al. model [72]), several other cell level processes need to be
modeled since they influence the electrical behavior of the car-
diomyocyte. Most importantly, cardiac cells contract. The wave
of electrical propagation passing over the cell membrane and
down into the invaginations of this membrane, called “trans-
verse-” or “T-tubules,” releases Ca from internal stores located
at points where the internal reticular network called the “sar-
coplasmic” reticulum (responsible for soaking up calcium from
the cytoplasm) is adjacent to the T-tubules. Release of Ca from
these stores through ryanodine receptors is initiated by voltage-
activated Ca channels in the external membrane (included here
via the Hinch model [38]). The released Ca diffuses to tro-
ponin-C binding sites on the contractile myofilaments and ini-
tiates force production (included here via the Niederer et al.
model [63]). It is necessary to consider Ca transients and me-
chanical contraction along with the excitability of cardiac cells
because the action potential is heavily influenced by Ca move-
ments across the membrane, and these in turn are influenced by
the mechanical shortening of the cell. Further coupling occurs
through stretch-dependent ion channels [48].

The CellML versions of each of these models are available as
follows.

Pandit electrophysiology model:
(www.cellml.org/models/

pandit_clark_giles_demir_2001_version 07).
Hinch calcium dynamics model:
(www.cellml.org/models/hinch_greenstein_

tanskanen_xu_winslow_2004_version 01).
Niederer active contraction model:
(www.cellml.org/models/

niederer_hunter_smith_2006_version 01).
The process of coupling these models in an integrated cell

model using the CellML 1.1 import mechanism is shown
in Fig. 7, where A includes only the Pandit electrophysi-
ology model, B includes the Hinch calcium dynamics, and
C includes the Niederer active contraction model. D is the
resulting composite model [94]. The mathematical compo-
nents of these separately developed models are identified
with standard biological terms from an ontology such as GO
(www.geneontology.org).

The composite model shown in Fig. 7 includes the basic cel-
lular processes needed to support coupled electro-mechanics in
the heart. There are, however, many other cellular processes that
influence these and are needed in more comprehensive studies
of whole heart function. For example, the aerobic metabolic
pathway that controls ATP production has been modeled [19]
and is available in the CellML model repository. The control
of key proteins involved in excitatory, calcium and mechanical
function in cardiac cells via -adrenergic [78], CaM-kinase [55]
and [25] pathways have also been modeled and are avail-
able in CellML. The CellML models for these processes are as
follows:

metabolic pathways (www.cellml.org/models/
beard_2005_version 01);

-adrenergic
signaling

(www.cellml.org/models/
saucerman_mcculloch_2004_ver-
sion 01);

Fig. 7. Building a composite coupled electrophysiology-calcium-mechanics
cell model from three separately developed cell models.

CaM-kinase (www.cellml.org/models/
livshitz_rudy_2007_version 01);

signalling (www.cellml.org/models/
cooling_hunter_crampin_2007_ver-
sion 01).

E. Clinical Applications of Heart Modeling

An application of the ML-encoded models and data to clin-
ical diagnostics and treatment planning is illustrated in Fig. 8. A
3-D stack of DICOM-encoded images of the patient’s heart are
loaded into a software environment where they are segmented
(using an image processing toolkit) and fitted with generic fi-
nite-element models from a virtual population database (stored
in a PACS system). The patient’s anatomically specific model is
then combined with pre-existing models (from the model repos-
itory) and solved subject to patient-specific boundary conditions
(e.g., blood pressure or flow profiles). This stage uses computa-
tional modeling software available from an open source library
[34]. The outcome of the patient-specific computation is a diag-
nostic index or treatment strategy.

The model repositories used are the CellML repository
(www.cellml.org/tools/tools/opencell) and the FieldML reposi-
tory. The tools used for visualization and simulation are cmGUI
and OpenCMISS.

IV. PREDICTING HIP FRACTURE

Our second example deals with hip fracture, which is partic-
ularly relevant in the care of the elderly. Osteoporosis is a dis-
ease in which the density and quality of bone are reduced. As
the bones become more porous and fragile, the risk of fracture
is greatly increased. The loss of bone occurs “silently” and pro-
gressively. Often there are no symptoms until the first fracture
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Fig. 8. Sequence of steps used in evaluating clinical indices or designing a treatment strategy by fitting models to patient images and then computing physiological
function using biophysically based models. Illustrations here are for cardiac images and models from the euHeart project (www.euheart.eu), but the workflow is
equally applicable to all organ systems.

occurs.11 Osteoporotic fractures occur without any noticeable
trauma and are prevalent at the hip, spine, and wrist. The femoral
neck fracture at the hip joint is particularly heavy for the older
patient: approximately 250 000 elderly people die every year for
related complications, and many others remain impaired, losing
in most cases an independent living. The extent of the problem
is impressive: the worldwide annual incidence of hip fracture
is approximately 1.7 million [26]. These figures are expected at
least to double by 2050 [36].

A. Current Treatment Strategies

One of the biggest problems faced in battling this disease is
the lack of adequate technology, especially to predict the risk of
fracture. If a clinician relies only on the measurements provided
by the available bone densitometry technology [most common
being the Dual X-ray Absorptiometry—(DXA)], the accuracy
in predicting the absolute risk of fracture in the next five years
would be around 63%–68% [74]. Tossing a coin would give
50% accuracy. As for many other clinical contexts, when there is
no technology with sufficient predictive power, the development
of the whole clinical practice becomes slow and uncertain.

Fig. 9 shows a simplified version of the current standard of
care for osteoporosis. The patient is screened periodically with a
bone densitometry measurement. If the patient bone mass devi-
ates from that of the reference population by more than a defined
amount, the condition is declared pathological, and a pharma-
cological treatment is usually prescribed. This does not exclude
that some of these patients will develop fractures. Invasive treat-
ments are considered only to reduce the fracture.

It is interesting to note that the poor prediction of risk pro-
vided by bone densitometry prevents graded pharmacological
treatment, and also that the assessment of new drugs can be
undertaken only on huge prospective cohorts followed for five
years or more. In addition, even if the patient appears to be at
very high risk, due to the low predictive accuracy of the tech-
nology no invasive treatment is considered ethical before the
fracture occurs, in which case the invasive treatment is aimed to
fix the damage and not to prevent it.

11International Osteoporosis Foundation: http://www.iofbonehealth.org/

Fig. 9. Simplified workflow that describes the current standard of care for pa-
tient at risk of osteoporotic fractures. The patient is screened periodically with
a bone densitometry measurement. If the patient bone mass deviate from that
of the reference population for more than a defined amount, the condition is de-
clared pathological, and pharmacological treatment is usually prescribed. This
does not exclude that some of these patients will develop fractures. Invasive
treatments are considered only to reduce the fracture (Copyright of the VPHOP
consortium; reproduced with permission).

The rationale behind the VPHOP Integrated Project (www.
vphop.eu) is to develop the next generation of predictive tech-
nology capable of drastically improving the predictive accuracy
over the current one. The challenge lies in the fact that to predict
the risk of fracture we need to model processes acting at mul-
tiple scales in an integrative way.

B. Risk of Osteoporotic Fracture: Multiscale Problem

Although a bone fracture is made evident at the organ level,
the prediction of the risk of fracture over a given period of time
involves five different scales [30] (Fig. 10).

The probability of a spontaneous fracture in one specific bone
(e.g., the femur) involves two aspects: the strength the bone and
the loading acting on it. There is growing evidence that it is not
only the weakening of bones but also the deterioration of neuro-
motor control behind osteoporotic fractures. Under normal con-
ditions neuromotor control ensures that daily motor tasks, such
as walking or stair climbing, are performed with the minimum
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Fig. 10. The five scales involved in the assessment of the risk of osteoporotic fracture. Body-level modeling is being tackled in WP3, organ-level in WP4, tissue-
level in WP6, cell-level in WP5 and constituent-level in WP7 (Copyright of the VPHOP consortium; reproduced with permission).

Fig. 11. VPHOP screening workflow. Body-level (WP3) and organ-level
(WP4) models are involved. (Copyright of the VPHOP consortium; reproduced
with permission).

burden to our muscles and joints. However, if the control system
starts to fail (e.g., due to proprioceptive disturbances), bone can
be exposed to unusual overloads as we perform these normal
daily activities in apparently normal conditions [81].

But even if the actual strength of bones can be predicted, and
the loading spectrum that the specific subject imposes on those
bones is known, this is only a prediction of the current risk of
fracture. In order to predict an absolute risk, we need to predict
how the bone cells that form and destroy the bone tissue will re-
model such tissue at microscopic level in each bone over the next
five years, due to the progression of the disease, and possibly
due to the pharmacological treatments the patient may receive.
This requires that we model two more levels: the tissue level
which connects the biological processes at the cell level with the
biomechanical function expressed at the organ level [98] and the

cellular level itself, where the role of diseases, aging, pharma-
cological treatment, hormones, and nutrition determinants, and
changes in life style can be modeled as a modulation of the repli-
cation, apoptosis and activity of the two principal cell types in-
volved with bone remodeling: osteoclasts and osteoblasts [35].

Finally, there are some indications that under pathological
conditions the constituents that form the bone tissue (collagen,
hydroxylapatite, elastin, etc.) can be altered by adverse bone re-
modeling, which would change the mode of failure of the tissue.
Therefore, if the option of preventive invasive treatment of pa-
tients at very high risk of fracture is considered with bioma-
terials that locally strengthen the skeleton, the predictive mul-
tiscale model should also be able to deal with changes in the
composition of the tissue, due to the introduction of such bio-
materials [40].

The problem such multiscale modeling poses is twofold: on
one side, we need to develop an integrative multiscale model of
all the levels and processes involved; on the other side, we need
to collect from the patient a very large number of different mea-
surements that are required to properly identify the multiscale
model. The number and the type of measurements we require
involve such cost and in some cases risk for the patient, that
its complete application can be justified on for patients where
the probability to have a fracture is high. But this is a circular
problem: we can use the protocol only on patients at high risk,
but it is only with the protocol that we can determine the level of
risk. The way out is the introduction of probabilistic modeling
and the use of progressive personalization.

C. Clinical Workflows for Progressive Personalization

The first workflow being developed in the VPHOP project
aims to use screening (Fig. 11), i.e., to elders that are referred
to the specialist center by the family doctor because of age,
menopause, familiarity, or other determinants that suggest a
general risk profile.

The only information that it is ethical and sustainable to col-
lect at this level is that which can be obtained with a simple
questionnaires during the ambulatory visit, and any imaging



HUNTER AND VICECONTI: VPH-PHYSIOME PROJECT: MULTISCALE MODELING IN CLINICAL APPLICATIONS 49

Fig. 13. VPHOP tissue imaging workflow, which allows treatment planning. All modeling components from whole body down to constituent level (WP3-WP7)
are involved. (Copyright of the VPHOP consortium; reproduced with permission).

Fig. 12. VPHOP 3-D imaging workflow. Body-level (WP3), organ-level
(WP4), and tissue-level (WP6) models are involved. (Copyright of the VPHOP
consortium; reproduced with permission).

protocol involving radiations doses comparable to those in an
ordinary DXA exam. The general idea is to use DXA tech-
nology within a properly calibrated configuration and with mul-
tiple (possibly two) projections. These data are in general in-
sufficient to generate an accurate organ-level predictive model
of the skeleton, but can be used to initialize a statistical model
that using large database of femoral shapes and latest morphing

algorithms can produce a reasonable first-level approximation
of the 3-D anatomy and densitometry of the patient bones. The
same data can also be used to initialize, again with statistical
methods, a whole body musculoskeletal model that combined
with general anthropometry measurements (height, weight, etc.)
and questionnaires on lifestyle and level of activity, can provide
a first estimate of the loading spectrum. If the screening is pos-
itive for a specific region (typically hip or spine or both), the
patient is recommended for the 3-D imaging protocol (Fig. 12).

Such imaging protocols are possible with a number of dif-
ferent imaging technologies (Computer Tomography, 3-D flu-
oroscopy, 3-D DXA) and in general involve an effective radia-
tion dose to the patient that is 10 to 100 times higher than that
involved with the screening phase. Wearable instrumentation
during ambulatory neuromotor tests can also be used to collect
much more detailed information on the condition of the neuro-
motor system. The availability of an accurate 3-D density field
of the region of the skeleton at risk makes possible the creation
of a patient-specific finite element model that can predict the
strength of the bone with very good accuracy. In addition, the
3-D density field could be used to identify within a population
database of tissue morphologies the closest match, to provide
a local constitutive equation that account for the heterogeneity
and the anisotropy that the porous morphology of bone tissue
produces.

With this organism–organ model it is now possible to have
an accurate prediction of the actual risk of fracture of the most



50 IEEE REVIEWS IN BIOMEDICAL ENGINEERING, VOL. 2, 2009

critical regions of the skeleton and thus to decide if the patient
is in need of treatment or not. The protocol could also suggest
which portion of the bone is most likely to be the fracture initi-
ation site; this information is useful to guide the last workflow,
that for planning the treatment.

In order to plan the treatment it is necessary to move down
one level, involving tissue-level imaging (Fig. 13). Patients that
enter this third level have a clear risk of fracture that impose
some treatment. The decision to be taken is on which of the var-
ious pharmacological and hormonal treatments available best
suite the patient needs, and if even with such treatment the re-
duction of risk is considered insufficient to evaluate the alterna-
tive of preventive invasive treatment.

Bone tissue can be imagined with optimal resolution both in
vitro and in animals, but in humans this remains a challenge.
While in peripheral regions such as the wrist or the ankle this
is already feasible, at the hip or at the lumbar spine the effec-
tive dose required to obtain the spatial resolution needed is too
high. Current research is attempting to optimize detectors so as
to maintain acceptable signal-to-noise ratio with lower radiation
doses and to use some a priori knowledge on the tissue organ-
ization to extract the necessary morphometry measurements on
the bone tissue with less-than-optimal resolution.

Even when the tissue-level imaging is available, the simula-
tion of tissue deformation under physiological and para-physio-
logical loading remains an open issue. Current methods involve
the solution of systems of linear equations with over 100 million
degrees of freedom, which poses it as high-performance com-
puting problem, and prevents any possibility to account for more
complex nonlinearities of geometry and material. The research
directions being explored include the parallelization and opti-
mization of the finite element solver, and the adoption of new
numerical methods such as the meshless cells method.

If the issues of tissue-level imaging and modeling are solved,
it is possible to simulate the tissue deformation and to couple
the patient local tissue morphology with cell-based bone remod-
eling algorithms that can predict how this morphology would
change over time under different metabolic, pharmacologic, and
hormonal conditions. Using this multiscale model we can simu-
late the various pharmacological options and see how the risk
of fracture at the hip is reduced. If the reduction is not suf-
ficient, as a last resort it could be possible to use the same
tissue-imaging data to simulate the injection of biomaterials into
the bone porosities and to predict how this interventional treat-
ment would change the risk of fracture, to choose the optimal
treatment for every patient.

V. DISCUSSION

The elucidation of the structure of DNA by Watson, Crick,
Wilkins,12 and Franklin in 1953 and later the transcriptional and
translational mechanisms for protein encoding genes were mo-
mentous scientific achievements, equivalent in significance to
the discovery of the periodic table by Mendeleev in 1889 or the
discovery of atomic structure by Rutherford13 in 1911. The de-

12Nobel prize in physiology or medicine, 1962.
13Nobel prize in chemistry, 1908.

velopment of sequencing technologies by Sanger14 and others
in the 1970s, the polymerase chain reaction (PCR) by Mullis15

in 1984, practical improvements in mass spectrometry during
the 1980s, and a whole host of other molecular biology tech-
niques that reveal the molecular mechanisms underpinning bio-
logical function, have dominated biological research over the
last 50 years. New techniques for studying biological struc-
ture and function at higher spatial scales have also revolution-
ized our understanding of mechanisms at physiological scales:
patch clamp techniques by Neher and Sakmann16 in 1981, com-
puter tomography (CT) by Hounsfield17 in 1967 and magnetic
resonance imaging (MRI) by Lauterbur and Mansfield18 in the
1970s.

The result of this extraordinary scientific journey is that we
are now richly endowed with vast sets of data that we cannot in-
terpret. It is as if we have disassembled a Boeing 747 or Airbus
380, examined and characterized every component in great de-
tail, but cannot see how this wonder of modern technology ac-
tually flies. With few exceptions, the discipline whose role it
is to explain integrated biological function—physiology—has
been relegated to second-class citizen. Yet the engineering sci-
ences—those that explain how an aircraft flies—have mean-
while managed to achieve an extraordinary synthesis of physics,
chemistry, electronics and material sciences, etc., to create CD
players, cell phones, automobiles, jet aircraft, and many other
complex devices that often depend on our understanding of inte-
grated high-level behavior all the way down to quantum physics.
The much greater relative success in dealing with multiscale in-
tegration in the engineering domain, in comparison with the bi-
ological domain, is largely the result of two factors: 1) the use
of mathematical models based on physical principles and 2) a
systematic approach to knowledge management.

The biomedical community, working with the bioengineering
community, now has the opportunity to assemble the molec-
ular pieces, from 50 years of reductionist science, to under-
stand genotype–phenotype relationships by linking databases
of genetic and proteomic data to anatomy and function at the
cell, tissue, and organ levels. Biophysically based computational
modeling of the human body, applied to human physiology and
the diagnosis and treatment of disease, could revolutionize 21st
Century bio-sciences and medicine. We have discussed the in-
frastructure being built for the VPH-Physiome project and il-
lustrated its use with two clinically oriented projects, one on
diagnosis and treatment planning for heart disease and one on
the problem of predicting bone fracture. The success of these
and many other similar exciting opportunities is highly depen-
dent on the development, adoption, and integration of ICT and
eHealth infrastructures using the tools, model repositories, and
workflows being developed for the VPH-Physiome project.

In this review, we have described the modeling infrastruc-
ture being built for the VPH-Physiome project—the markup

14Nobel prize in chemistry, 1958.
15Nobel prize in chemistry, 1993.
16Nobel prize in medicine, 1991.
17Nobel prize in medicine, 1979.
18Nobel prize in physiology or medicine, 2003.
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languages for encoding models and data, the model and data
repositories and APIs based on these standards, and the work-
flows that facilitate model reference descriptions for ensuring
model reproducibility. The application of this infrastructure to
two clinical application areas, one in diagnostics and treatment
planning for cardiac disease and the other in hip fracture predic-
tion, are used to illustrate the concepts. These examples of the
VPH-Physiome project represent only a small sample of current
work and of course a tiny fraction of the potential applications
we can expect to see developed over the next five years.
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