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ABSTRACT

rmission

Human biology is extremely complex because it is multi-level (i.e., it involves interactions
between molecules, cells, tissues, and organs), redundant (i.e., there are multiple
cross-talks between these elements), influenced by macro and /or micro environmental
factors, and dynamic (i.e., it changes with time). Hence, the investigation of human health
and disease requires a research strategy able to encompass this complexity. Systems
biology and its human equivalent, network medicine, are novel research strategies that
pursue, precisely, these goals. This review discusses the principal features of systems
biology (Why bother? What is it? How do we do it?), and presents some examples of its
application to network respiratory medicine using chronic obstructive pulmonary disease
as a use-Case. (BRN Rev. 2016;2:1-13) z
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RATIONALE: WHY BOTHER?

Human biology is extremely complex because
it is: (i) multi-level, that is, it involves interac-
tions between nucleic acids, proteins, metab-
olites, cells, tissues, and organs; (ii) redun-
dant, that is, there are multiple cross-talk
systems and over-abundant control systems
within and between levels; (iii) strongly influ-
enced by macro and/or micro environmental
factors, which, importantly, can occur at each
level of complexity; and, (iv) dynamic, that is,
it varies with time in response to changes in
both general and/or local milieu (i.e,, environ-
mental) conditions’?. It is not surprising,
therefore, that the two main “end products”
of human biology, that is human health and
disease, are also complex processes®. Hence,
the investigation of human health and dis-
ease requires a research strategy able to en-
compass this complexity. To do so, it should
firstly aim at understanding the complexity
of each biological level (molecules, cells, or-
gans), then consider their dynamic changes
over time in response to local perturbations
and, finally, encapsulate them all in a concep-
tual “system” that explains as closely as pos-
sible its behaviour®. These dynamic changes
are often considered in the short-term (i.e,, in
response to a given acute intervention that
perturbs the system), although a long-term
dynamic view may also be of great interest,
such as changes induced by ageing*”. Sys-
tems biology® and its human equivalent, net-
work medicine’, are novel research strategies
that pursue, precisely, a better and compre-
hensive understanding of all these aspects.
This review discusses the principal features
of systems biology and presents some exam-
ples of its application to network respiratory
medicine.

SYSTEMS BIOLOGY: WHAT IS IT?

Complex systems

In the context of system biology, a complex
system is a “collection of linked individual
elements with emerging properties that can-
not be attributed to each element considered
separately”3. In biology, the “level” of a “com-
plex system” so defined can range from the
molecular, subcellular, and cellular level to
organ and organism physiology or even the
totality of environmental exposures or expo-
some', and include all or part of these differ-
ent levels'?. To date, however, complex sys-
tems have been mostly studied at the cellular
levell. Within this “organizational space”,
they have the following properties: (i) a hier-
archical but concurrent nature of cellular
functions!; (ii) adaptive dynamics that incor-
porate the ability to self-organize in response
to transitions between healthy and patholog-
ical conditions'}; (iii) non-linear relationships
between the different elements of the sys-
tem!>13; and, (iv) emergent properties, that is,
one or more properties that cannot be at-
tributed to any element of the system consid-
ered separately>'. For instance, a plane is a
complex (mechanical, not biological) system,
composed of many different elements (or
nodes), such as wings, engines, wheels, fuel,
pilots, so on. that are linked in a specific
manner (there are no planes with one or three
wings). As such, the plane has one emergent
property: it flies! Yet, none of its components
can fly on its own. In order to fly, it is neces-
sary that all the essential elements of the sys-
tem (in this case, the plane) are there, linked
in the appropriate manner. Admittedly
though, there may be redundant (e.g. several
engines) and non-essential parts (e.g. seats)
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also. Human health and disease are also
emerging properties of an extraordinarily
complex system: the human body. In the air-
plane example, however, engineers have de-
signed and made the drawing plan of how all
the necessary pieces are assembled together
so it can fly. By contrast, in system biology we
are doing (somewhat) the reverse process. We
are identifying some of the individual com-
ponents and trying to fit them and construct
the building plan of the human body, not
only anatomically but also considering its
multilevel, functional detail.

Network analysis

A useful way to conceptualize and present
graphically a complex “system” is a network,
where the different elements of the system
are represented as nodes and their structural
and/or functional relationship as edges (or
links)"®. The “nature” (i.e., type) of the “nodes”
and “edges” of a given system depends on
the research question(s) we want to address.
Hence, in different “systems”, “nodes” can be
genes, proteins, cells, organs, people, envi-
ronmental factors (or a combination of them),
or any other element we want to explore in our
particular project. Likewise, how these nodes
are “connected”, that is, the type of links (also
called edges) between nodes, can also vary
according to our research interest. Thus, edg-
es can represent structural or functional inter-
actions between them (if nodes are molecules),
co-occurrence of diseases (e.g., comorbidities),
sharing friends, neighbourhood or environ-
mental perturbations (e.g., smoking), or any
other relationship that we want to explore. Fur-
ther, edges can have “directionality” (if perti-
nent to the research question), that is, they can

Charcc!-Ma‘oth disease
Lipo.»nhv
Spastic atax.aplegia

'r spastic paraplegia syndrome
Amyotrophic lateral .:sis Sarplf disease

Spinal rv. atrophy

Androgen insensitivity

F‘ff"'ﬁfa.“'r Perineal hypospadias

Papillary sef@lls carcinoma

emia ; ;
@' lymphoblastic leukemia

Ataxia-telangiectasia

Ficure 1. Example of a disease network (diseasome). Each node
corresponds to one disease (see labels). The size of the node is
proportional to the number of genes published to date that
participate in that disease. The colour of each node corresponds
to the disorder class to which the disease belongs. Two diseases
are connected if they share one or more of these genes. The
width of the link (edge) is proportional to the number of shared
genes. For further explanations, see text (reproduced with
permission)’e.

indicate (arrow tip) the direction of how one
node relates to the other (e.g., in a network of
telephone users, who makes the phone call).

Figure 1 illustrates an important concept in
systems biology: there is no such thing as a
predefined network. Researches customize
them depending on the specific questions
they are pursuing. For instance, in figure 1
investigators were interested in understand-
ing if different human diseases share associ-
ated genes (i.e., the gene network underlying
them). Accordingly, they built a network (so-
called, diseasome) where nodes correspond
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7 - Ribery, 33 - Gomez, 10 - Robben,
31 - Schweinsteiger, 25 - Mller, 8 - Martinez,
27 - Alaba, 4 - Dante, 17 - Boateng, 21 - Lahm, 1 - Neuer

9 - Alexis, 10 - Messi, 17 - Pedro,
8 - Iniesta, 16 - Busquets, 6 - Xavi,
18 - Alba, 3 - Piqué, 15 -Bartra, 2 - Alves, 1 - Valdés

Ficure 2. Passing network analysis of the Champions League football game between Bayern Munchen (red) and FC Barcelona (blue).
Each node corresponds to one player (see names below the graph), links represent number of ball passes between each pair of them, the | =
width of the link is proportional to the number of passes, and the arrow indicates the directionality of passes. For further explanations,
see text (downloaded from http.//2plus2equals11.wordpress.com/category/bayern-munich).

to diseases (their size is proportional to the
number of genes that have been described in
that particular disease, and their colour cor-
respond to the disorder class to which the
disease belongs) and edges (links) indicate
that a particular gene is implicated in both
diseases, whereas the width of a link is pro-
portional to the number of genes that are
implicated in both diseases'®. By contrast, in
figure 2 “investigators” (actually football
coaches and specialized media) were inter-
ested in understanding the “dynamics” of a
Champions league football game between Bar-
celona FC and Bayer Munich on April 23, 2013.
Accordingly, they built their networks very

differently. Here, each node corresponds to a

given football player (see legend), the size of -

the node is proportional to the percentage of

ball possession by the player, and links rep- -

resent passes between them during the 90 min-| -
utes duration of the match (this is the dynamic| -

component of a two-dimensional graph that|*

can summarize temporal information), with
the width of the link being proportional to

the intensity (i.e., number of passes) of inter-| =

action between two given players, and the

arrow indicating who made the pass and
who received it (directionality). This network,
therefore, represents a playing style (i.e., the
dynamic structure of the team), and does not
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Ficure 3. Disease modules identified in the full interactome between disease genes associated with the three diseases identified in the
legend. For further explanations, see text. (reproduced with permission)’s.

represent the match results (outcomes). These
two completely different networks illustrate
well the concept that network analysis pro-
vides a holistic and dynamic graphic repre-
sentation of a complex system to facilitate the
understanding of the relation between the
different elements of the system. Actually,
there is nothing new under the sun since for
thousands of years we have known that “a
picture is worth thousand words”.

Given that complex systems are often under-
stood and represented as networks, network
analysis sought to: (i) unravel the relations
between the different “elements” (nodes and
edges) of the system; (ii) quantify and display
graphically the topology (i.e., structure) of the

ithout the

ng

network; and, (iii) investigate their main .

ynotocopy

functional characteristics’®. The latter are of- =
ten studied by determining the presence of -
“functional modules”"”". The disease module -
hypothesis proposes that the cellular compo-| &
nents (genes, proteins, metabolites) associated
with a given disease, segregate (i.e., are locat-
ed) in the same “neighbourhood” (i.e., area) -
of the human interactome, the map (network) E
of biologically relevant molecular interactions =
(Fig. 3)"8. In fact, using novel mathematical °
modelling, it has been recently confirmed
that the network-based location of each dis-
ease module determines its pathobiological
relationship to other diseases'®. Interestingly,

diseases with overlapping network modules

show significant co-occurrence (comorbidity).
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[4) Network analysis

(3) Experimental intervention i

Ficure 4. Iterative working phases of systems bio-medicine.
DB: data base. For further explanations, see text.

(1) Multilevel, comprehensive DBI

(2) Biocomputing modeling

SYSTEMS BIOLOGY:
HOW DO WE DO IT?

Systems biology sought to: (i) integrate data
within and between different levels of biolog-
ical complexity; and (ii) develop mathematical
“models” of the system that can explain its
emergent properties and response to external
perturbations”®182021 To achieve these goals,
systems biology follows an iterative research
strategy (Fig. 4) that generally involves the
following steps:

— Generate a multi-level, comprehensive da-
tabase from high-throughput genomics,
transcriptomics, proteomics, and/or me-
tabolomics platforms (albeit other types of
data, such as the physiome or the clini-
come) in one or more biological samples
(e.g, blood and sputum) of interest in
well-controlled model systems (cell cul-
ture, experimental animals) or phenotypi-
cally well-characterized individuals (in-
cluding, if possible, clinical, functional,
and imaging data). These data can be com-
plemented with information existing in pub-
lically available databases through knowl-
edge management platforms;

TaBLE 1. Selected software tools for network analysis from
two popular packages (Cytoscape (http://apps.cytoscape.org)
and Bioconductor (http://www.bioconductor.org/ packages/
release/), although many others exist. Additional information
for other software tools for network analysis in R can be
found at CRAN (http://www.r-project.org)

s e s

bayelvi- Cytoscape Bayesian network inference
raApp
jActive- Cytoscape Identification of network modules
Modules
CyTar- Cytoscape Link regulatory (transcription
getLinker factor) information
DisGeNET Cytoscape Query disease-gene networks
minet Bioconductor  Inference of networks using mutual
information
birta Bioconductor ~ Bayesian network inference
BioNet Bioconductor  Identification of network modules
rTRM Bioconductor  Identification of transcriptional
regulatory modules
Cyrface Cytoscape Interface between Cytoscape and R

RCytoscape Bioconductor Interface between Cytoscape and R

Reproduced with permission'®. References for the specific applications
mentioned in the table can be found'™.

— Apply biocomputing algorithms to this da-
tabase to generate predictive mathematical
models;

— Perturbate the system through some sort
of experimental intervention (change in
environmental conditions, molecular inter-
ference, genetic knock-out, pharmacologi-
cal treatment, exercise training, diet inter-
vention, other) and quantify and record
multi-level comprehensive data again;

— Use network analysis to compare the re-
sponse observed experimentally to the re-
sponse predicted by the mathematical
model. Table 1 lists a number of selected
software tools for network analysis from
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two of the most popular packages (Cytos-
cape (http://apps.cytoscape.org) and Bio-
conductor (http:// www.bioconductor.org/
packages/release/), although many more
are available!;

— Use the discrepancies between the pre-
dicted and observed responses to refine
the model and start the cycle again until the
predicted model fits the observed re-
sponse reasonably well, in which case we
will probably have a better understanding
of the system and, therefore, on how to
interfere with it for the purpose of improv-
ing its performance and/or repair its mal-
function (i.e., disease).

SYSTEMS BIOLOGY:
WHAT DOES IT DELIVER?

Systems biology has the potential to deliver a
holistic, integrative, and dynamic view of
complex biological conditions. Rather than
focusing on a specific molecule (gene, pro-
tein, metabolite) at a given time, it presents a
global perspective of all the potential mole-
cules and pathways involved (and how they
change in response to a perturbation of the
system), which clearly gives a better represen-
tation of reality. In theory, this holistic, inte-
grative, and dynamic view does not need to
be restricted to the molecular biological level and
could be used also at the cell level, organ level,
or even combining different levels in the same
analysis. Multi-level profiling of high-through-
put molecular platforms in combination with
clinical profiles (i.e., multi-level systems biol-
ogy) is obviously much more informative but,
at the same time, much more complex!!, so most
currently available publications of applications

of systems biology to human diseases focus on
the molecular level. The methodology, applica-
tion, and proper validation of this multi-level
approach is still, for the most part, in its in-
fancy!'l. Further, it is absolutely necessary to
validate such complex results rigorously. This
very important area has only recently begun
to be addressed?>?.

Systems approaches to biology and medicine
are relatively new. Thus, this strategy is still
mostly within the research domain. However,
there are a few examples of successful prac-
tical applications both outside and within the
respiratory field. Outside the respiratory field,
the use of network analysis in neurodegener-
ative diseases, for instance, has already iden-
tified the autophagy pathway as a central
pathogenic process® and has identified po-
tential novel therapeutic targets®. Within the
respiratory field, there are some examples
(Table 2) of systems biology approaches ap-
plied in the study of asthma, chronic obstruc-
tive pulmonary disease (COPD), cystic fibrosis,
lung cancer, and pulmonary hypertension™.
In the text that follows, we focus on COPD as
a use case. Figure 5 presents a conceptual,
multi-level network perspective of COPD,
and the type of clinically relevant informa-
tion that each of these levels will be able,
eventually, to produce?. In this model, COPD
is envisaged as a four-story building which,
of course, is only a pictorial, simplified rep-
resentation of this building and by no means
pretends to be an accurate or comprehensive
representation of reality. With this caveat in
mind, it is worth noting that practicing phy-
sicians are used to working on the “blue”
level (clinical network) of the building where
they often encounter in their daily practice
patients who suffer not only the index disease
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TaBLE 2. Applications of network analysis to the study of respiratory diseases

Method used Primary finding

Asthma Transcriptome + Bayesian networks TGF-p1 is a key regulator of IL13-dependent asthma response

Asthma Transcriptome + PPl network PPAR and INF pathways regulate response to glucocorticoids

Asthma SNPs + PPI network Identified non-synonymous SNPs in the coding sequences of the toll-like
receptor network

Asthma OMIM + transcriptome + PPl network ~ Suggests that GNB2L1 plays a role as an important signalling mediator

in asthma

Asthma and smoking Transcriptome + IPA TIMP1 and TSBH1 are related to oxidative stress

COPD COPD comorbidities (expert) + PPI COPD multi-morbidities share genes and biological pathways

COPD Transcriptome + mutual information COPD is associated with failure to regulate bioenergetics pathways

COPD Transcriptome + IPA There is distinct gender specificity in response to acute smoking and COPD

COPD mRNA + methylation There is a distinct epigenetic regulation in COPD that governs mRNA expression

Lung cancer PPI network Up-regulated genes tend to be highly connected, contrary to down-regulated
genes

Multiple (diseasome) OMIM Shared genes suggest common origin for diseases

Pseudomonas aeruginosa
colonization in chronic
cystic fibrosis

Transcriptome + metabolome + KEGG  Up-regulation of a pathogen’s genes involved in adaptation during disease
progression represent potential therapeutic targets

Pulmonary hypertension miRNA transcriptome + target

prediction

Identified miRNA-21 as a regulator of disease pathways

IPA: ingenuity pathway analysis (QIAGEN), commercial software for network/pathway analysis; KEGG: Kyoto Encyclopaedia of Genes and Genomes; OMIM: Online Mendelian
Inheritance in Man; PPI: protein-protein interactions; SNP: single-nucleotide polymorphism; TGF: transforming growth factor. The diseasome contains information related to
several respiratory diseases, including asthma, COPD, and lung cancer'.

Reproduced with permission'. References for the specific applications mentioned in the table can be found in's.

(COPD in this case), but also several other the “totality of human environmental expo-

diseases (comorbidities, which can be seen as
the disease index by other colleagues (e.g,
cardiologist, oncologist, etc.). Below this
“blue” level, the COPD “building” has an “or-
ange” level (biological network) where sever-
al biological process occur and interact (i.e.,
cross-talk) constantly, including innate and
acquired immunity, oxidative stress, ageing,
bioenergetics, repair processes, and others. In
the basement of the COPD building there is
the genetic level (network) where multiple in-
teractions also occur between genes (DNA),
RNA, and epigenetics (Fig. 5). In the roof of
the building there is an environmental net-
work (i.e, exposome, a term that describes

sures, from conception onwards”!’) that in-
cludes the interactions and mutual influences
of temperature, humidity, pollution (includ-
ing smoking), allergens, viruses, bacteria, and
others (Fig. 5). Being the interactions of all
these elements of crucial importance at each
level (environment, clinical, biological, and
genetic), we should not forget that they inter-
act also in a supra-level network. For instance,
changes in the environment (green level) can
influence directly changes in the yellow level
(genetic) through so-called “epigenetics”?. So
this building is complex at each level, be-
tween levels and, importantly, changes with
time, that is, it has a dynamic component (e.g.,
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Life-style
¥ Modifiable factors
¥'Integrated care
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¥’ Precision medicine

¥ CDsS

¥ New taxonomy

¥ Guidelines network

Endotypes
¥ Diagnostic biomarkers
¥’ Therapeutic targets

Genetic markers
v Riskassessment

Ficure 5. Schematic representation of the “COPD building” is formed by four different “floors”; each one of them is a complex
network in itself. The “elevators” of the building (arrows on the left) connect (directly or indirectly) different levels of complexity.
The right hand column lists a number of potential clinical benefits derived (eventually) from each “floor”. For further explanations,
see text. CVD: cardiovascular disease; CDSS: clinical decision support systems; GWAS: genome-wide association study (reproduced

with permission)?.

changes with an exacerbation of the disease
and/or after treatment).

A better understanding of each of these four
levels can potentially produce information of
clinical relevance. The genetic level will be
able to identify genetic markers that can help
clinicians to better determine the future risk
of an individual patient (risk of deterioration of
the disease and/or development of complica-
tions and/or response to a given therapy)”.
The biological level will eventually provide
relevant information on “biological” markers
that can help clinicians in their assessment
and monitoring of a given patient. A deeper
understanding of the relationships between

different comorbidities in the clinical level®30 -

can facilitate better strategies for integrated

care®’®, the development of so-called “clini- -
cal decision support systems” (CDSSY, such =

hlich
ublishe
publish

tr

prior written rmission of

ithout the

as the COPD control panel, which provides -

a way to visualize the complexity of COPD,
and the combined assessment of the severity,
impact, and activity to best inform the physi-
cian on the most appropriate management
strategies for an individual patient based on
the “treatable traits” present in this particular
patient at this specific time point’®. Impor-

tantly, the control panel can be customized to

the needs of the patient and the resources
available locally (e.g., rural vs. urban health-
care centres; primary vs. specialized care).
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This clinical network may also stimulate the
eventual development of a network of guide-
lines that facilitate the assessment and treat-
ment of COPD patients. Finally, interventions
at the level of the “exposome” will promote
healthier life-styles and preventive measures.

The above discussion is a conceptual (i.e., the-
oretical) one. Yet we and others have already
applied network analysis to investigate sever-
al aspects of COPD at all four levels (environ-
mental, clinical, biological, and genetic) of
complexity (Fig. 5). For instance, we explored
the molecular and environmental relation-
ships between the comorbid diseases that oc-
cur frequently in COPD patients®®. To this
end, we followed a two-step research strate-
gy. First, we used data mining (that is, ex-
ploitation of data published in the literature)
and developed a novel, unbiased, integrative
network analysis approach for the integrated
analysis of the diseasome (i.e., relationships
between comorbidities), interactome (i.e., mo-
lecular relationships), the involved biological
pathways (i.e., functional biochemical implica-
tions) and tobacco smoke exposome of 16 prev-
alent COPD comorbidities®. Main results
showed that: (i) all 16 COPD comorbidities
were related at the molecular level because
they shared genes, proteins, and biological
pathways such as inflammation, endothelial
dysfunction, or apoptosis; (ii) there were pre-
viously overlooked biological pathways that
may also contribute to COPD comorbidities,
such as hemostasis, depression, and cell cycle
abnormalities; and, (iii) finally, that chemi-
cals contained in the tobacco smoke target
about 70% of the identified proteins partici-
pating in COPD comorbidities®. All in all,
this data mining analysis allowed the identi-
fication of plausible molecular links between

COPD and comorbid diseases, and showed
that many of them are targets of the tobacco
exposome®’. Then, we extended this data
mining analysis to real world data by using
information gathered from two large COPD
clinical audits®*¥ to study the clinical and
molecular relationships between comorbidi-
ties in 5,447 patients hospitalized because of
an exacerbation of COPD®*. In these patients
we constructed and compared their clinical
diseasome (CD) and the molecular diseasome
(MD). The former (CD) is a network represen-
tation of the relationships between comorbid
diseases, where diseases are linked if they
co-occur more than expected at random,
whereas in the latter (MD), diseases are linked
if they share associated genes or interaction
between proteins®. We observed that about
half of the disease pairs identified in the CD
had a biological counterpart in the MD, par-
ticularly related to inflammation and vascu-
lar tone regulation®, further supporting the
existence of shared molecular mechanisms
among comorbidities in COPD3%. Interest-
ingly, the CD of these patients appears inde-
pendent of age, cumulative smoking expo-
sure or severity of airflow limitation®®.

Menche et al.” developed a novel unbiased
method (diVIsive Shuffling Approach or VIS-
tA) that identifies subgroups (i.e., phenotypes)
of COPD patients by maximizing the differ-
ence in their gene expression patterns (genet-
ic, biological, and clinical levels in figure 5).
Using this methodology in 140 COPD patients
included in the ECLIPSE cohort#?-42, these in-
vestigators identified four distinct, biological-
ly and clinically meaningful combinations of
clinical, functional, imaging, and biological
characteristics that are associated with large
gene expression differences (Fig. 6).
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Ficure 6. Network representation of the related clinical, functional, imaging or biological characteristics identified by VIStA. As indicated
by legends, node size is proportional to the number of times a given characteristic was found significant in VIStA; the width of a link
indicates how often two given characteristics were found significant together. The core group of the network contains severity of
airflow limitation (GOLDCD) and the two measures of emphysema severity (EMPHETCD and FV950). Other characteristics included in the
network were: age, gender (SEX), chronic bronchitis (PHLEGM), cough, body mass index, six-minute walking distance (DWALK) and
several biomarkers (TNF-a, CCL18, IL8, IL6, C-reactive protein (CRPHS), fibrinogen (FIBRINOG) and surfactant protein D. For more
explanations, see text. BMI: body mass index; SPD: surfactant protein D; TNF-a: tumour necrosis factor alpha; IL: interleukin

(reproduced with permission)".

Given that tobacco smoking is the main risk
factor of COPD, that not all smokers develop
the disease, and that an abnormal pulmonary
and systemic inflammatory response to
smoking is thought to play a major pathogen-
ic role*3%5, Faner et al. reasoned that smokers
with COPD should develop a different in-
flammatory response than that of smokers
without COPD after acute smoking*. To ex-
plore this hypothesis (biological and genetic
levels in figure 5), they used network analysis
to characterized the systemic leukocyte tran-
scriptomic response to smoking in smokers

with and without COPD*. Results identified
two main observations: (i) there were remark-
able differences in the leukocyte transcriptomic
response to acute smoking in males and females;

and, (i) in both genders, we identified genes, =

ontologies and interaction networks that were
differentially expressed in response to smok-
ing exclusively in COPD patients (COPD-re-
lated signature) or smokers with normal spi-
rometry (smoking-related signature)?.

Very recently Yoo et al. developed a system-
atic and integrative approach of genome-wide
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DNA methylation, gene expression, and phe-
notype data (genetic, biological and clinical
levels in figure 5) in lung tissue from COPD
and controls to identify key molecular regu-
lators of COPD¥. They identify 126 such reg-
ulators among which EPAS1 was the only one
whose downstream genes significantly over-
lapped with multiple genes sets associated
with COPD disease severity””. This study il-
lustrates very well the power of systems biol-
ogy approaches to understand the complexity
of COPD and other respiratory (or human)
diseases. Of course, from this perspective,
systems biology should be seen as a hypoth-
esis generating exercise, since findings and
observations will have to be validated later
using targeted interventions in appropriate
experimental and/or clinical settings.

Finally, in this setting, the analysis of the
microbiome represents a new era of exciting
discoveries since it can include in the “sys-
tem” genes “on us” but not “from us”?. This
shows the grey area between self and non-
self in life in general, and in health and dis-
ease in particular. To address this complexity,
systems biology approaches will be needed.
In fact, they have already begun to be applied
to several respiratory diseases to0*-%.

CONCLUSIONS

Systems biology and its medical counterpart
network medicine are here to stay. They are
research strategies aimed at investigating the
pathobiological basis of health and disease
from a holistic, integrative view. Given the
complexity of human biology discussed
above, such strategy is absolutely needed if we
are to really make progress towards a more

efficient and safe, personalized and precise
medicine in the years to come®°¢%. So, as
sharply proposed by one of the anonymous
reviewers of this paper, system biology is ac-
tually attempting to understand the master
drawing that the creator had in mind. To this
end, the young generation of researches will
have to be a combination of Michelange-
lo, Copernicus and ... Gaudi!
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