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The past two decades have witnessed enormous advances in 
terms of high-throughput techniques and technologies in molecu-
lar biology fields like genomics,1 which could potentially provide 
the terrain for investigations targeting the polygenic and multi-
factorial nature of complex diseases such as neurodegenerative 
disorders, chronic inflammatory diseases, or cancer. The highly 
heterogeneous clinical states of such disorders reflect the unchar-
acterized interaction of numerous genes, lifestyle and environ-
mental factors. Accordingly, highly coordinated and multicentric 
research efforts are also underway to collect data at the other end 
of the spectrum with respect to genomics, e.g. multimodal mag-
netic resonance imaging (MRI) and positron emission tomogra-
phy (PET) data in thousands healthy subjects (Human Connec-
tome Project)2 or Alzheimer patients (Alzheimer’s Disease Neu-
roimaging Initiative).3 This is expected to increase overall power 
and accessibility to detect previously inaccessible disease-related 
biomarkers and mechanisms. In turn, this could provide better 
disease understanding, hence possibly leading to improved diag-
nosis, prognosis and prevention.4 

However, the fundamental question of how effectively such 
extensive datasets can potentially be translated into forms of clin-
ical applications, which should ideally take place at the point-of-
care, remains open. In particular, the goal of personalized and 
preventive medicine relies fully on the ability to manage, reshape 
and integrate a multitude of heterogeneous data types (e.g. ge-
netic, clinical/patient history, neuropsychological, biohumoral, 
molecular) which may contain effects visible only at multiple 
interacting temporal and spatial scales. This problem alone has 
been the focus of numerous bioinformatics efforts in the field of 
personalized medicine,5 which have begun creating and support-
ing platform-independent data formats and standard in order to 
enhance world-wide, transdisciplinary interoperability.

While these efforts are an important and necessary stepping 
stone, they are not sufficient to tackle the main issue of link-
ing omics molecular data to biological pathways as well as 
their high-level, measurable clinical and subclinical manifesta-
tions. In this context, the multifactorial study and interpretation 
of this rich, multifaceted patient profile lies in the realm of so 
called systems biology, i.e. an integrative modeling approach to 
the study of interacting biological components. Systems biolo-
gy is expected to allow integration of multifaceted information 
into a holistic model(s), able to explain disease phenotype in a 
personalized fashion. More specifically, systems approaches are 
precisely aimed at deciphering disease complexity through in-
tegrating all possible biological information into models which 

should be both predictive and actionable. This is also in line with 
current recommendations and efforts towards developing inte-
grative medical approaches.6

In order to make the crucial transition from “descriptive” 
(i.e. data collection and statistical analysis) to “mechanistic” (i.e. 
model-based interpretation of heterogenous data) thinking, one 
should advocate a shift from single node/single modality (i.e. only 
genome-based or only imaging-based) views to network-based 
views of human disease and its manifestations. In this context, 
systems biology approaches have already led to the emergence 
of paradigms which take advantage of a network-based interpre-
tation of the pathogenesis of complex disorders. For example, the 
emerging idea of molecular networks, which can describe under-
lying states of a perturbed biological system underlying disease 
(often also termed “biological disease maps”), can allow the dis-
covery/appearance of associations between entities which per-
form significantly better than single biological units in providing 
a clearer picture of the disease mechanism.7 As an example, an 
application to Parkinson’s disease is already openly accessible.8 

In general, a model for a biological mechanism can either 
be derived from (possibly high-throughput) experimental data 
(i.e. a “data driven” model which makes no prior assumptions 
about biological mechanisms), or from so called expert knowl-
edge, which injects assumptions about unmeasurable quantities/
submechanisms (i.e. one builds a “knowledge driven” model). 
These two approaches are complementary by nature and can (and 
should) be combined into hybrid approaches4 which could either 
explain correlations or even cause-effect relationships in the con-
text of biomarker discovery (i.e. the discovery of indicators of 
biological or pathogenic processes as well as of response to ther-
apeutic intervention). In this context, integrative and predictive 
approaches which employ network models as the basis for inte-
gration have already delivered good performance in subselect-
ing candidate molecular biomarkers from a large combinatorial 
space,9 and applications of this paradigm to breast cancer10 and 
Alzheimer’s disease11 have recently appeared.

In the context of prevention, disease models can provide great 
aid in identifying individuals who are at risk in advance of de-
veloping symptoms tangible with traditional clinical tools. Ac-
cordingly, hybrid model-based approaches can be used to design 
so-called preventive biomarkers which aim at screening the pop-
ulation and stratifying it into risk classes, as has been done (for 
example) in cardiovascular disease.12 Another area of application 
of computational models to disease prevention is the mechanistic 
study of putative interdependancies between disease appearance 
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and mechanism of risk,4 i.e. the underlying drivers of co-morbid-
ities. A recent example can be seen in the association between 
diabetes and Alzheimer’s disease,13,14 which has been confirmed 
in a number of large clinical and pharmacological studies.15-18 
The mechanism for this peculiar interaction between two disor-
ders with seemingly different etiology could only be elucidated 
through an unified computational model which would need to 
aggregate extremely disparate and inhomogeneous data in order 
to formulate hypotheses about e.g. genomic hormone interac-
tions underlying dementia.11 Also, while the idea of personalized 
medicine stems from the field of genetics, it is now recognized 
that it should be interpreted as the customizations of all measures 
related to healthcare to individual patient needs.19 We therefore 
need advanced modeling strategies and statistical tools able to 
stratify individuals based on their putative risk of developing a 
disease or possible response to therapy – an approach which dis-
tances itself from the traditional one size fits all therapeutic par-
adigm. The ability of model-based analysis approaches to design 

and/or discover predictive and prognostic biomarkers is central 
to this endeavor. Accordingly, a recent review of biomarker-dis-
covery technologies demonstrates how integrative modeling is an 
emerging trend in the biomarker-discovery stream of the tradi-
tionally more innovative field of oncology,20 highlighting a shift 
from correlation-based biomarkers to cause-effect biomarkers. 
Such information can largely be provided only through some de-
gree of model-based analysis and interpretation.

In summary, integrative, network based disease modeling is 
establishing itself as a tool of growing importance in the transi-
tion from descriptive to mechanistic understanding of disease – a 
core goal of modern translational research. Given the enormous 
amount of heterogeneous data which is increasingly becoming 
available, along with more affordable and distributed (possibly 
could-based) parallel computing resources, it is expected that 
computational disease modeling within a systems biology ap-
proach will represent a key step in future disease management 
and prevention as well as drug discovery research.


