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Abstract The last few decades have seen science both changed and confronted by
the appearance of enormous quantities of data, that have arisen from the develop-
ment of multiple new technologies. The impact of this “data revolution” has been
particularly acute in the biological sciences, where bioinformatics has made great
strides in integrating such data into new theoretical frameworks and adopting new
computational tools. One framework that has prospered is that of the “ome”, which
adopts a more holistic view of the physical structures that make up a cell, tissue or
organism and their mutual interactions. The structures associated with the principal
“omes” - genome, proteome, transcriptome and metabolome - are all microscopic,
being associated with different biological molecules. Recently, however, the omic
approach has been applied to more “mesoscopic” structures, such as organs and tis-
sues, with the resulting totality of structures conforming the physiolome. However,
all these omes are associated with particular spatial and temporal scales, and are
therefore inadequate for addressing the real complexity of living systems, which
are both multi-scale and highly multi-factorial with respect to those scales. We ar-
gue that a “disease-ome”, for example, as the totality of factors associated with a
given disease, requires the integration all the current omes, and more. Thus, a holis-
tic description of an important disease, such as obesity, requires all micro, meso
and macro factors, as well as an understanding of both their upstream and down-
stream causal relations. This is particularly challenging when the relevant factors
are distant in scale. Thus, the causality between overeating and obesity at the indi-
vidual level is clear. However, the link between a certain genotype and obesity or
the link between food production and obesity is much less clear. In spite of this, all
of these factors can, in principle, be collected and included in a prediction model,
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using present technology and computational tools. We argue that the fundamental
concept that most naturally links the micro, meso and macro is that of behaviour,
as it is influenced by both micro (nature) and macro (nurture) factors and, in turn,
influences them. We discuss the concept of the Conductome - the totality of factors
that influence behaviour, using as an example food consumption and obesity, and
emphasise its utility as an unifying concept that allows for a truly systemic view of
a living organism.
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1 The Micro-omes

In the last few decades there has been a trend towards a more global, systemic ap-
proach to the study of biological systems. A manifestation of this more holistic
approach is the proliferation of different “-omes”, and their corresponding fields - “-
omics” [1], where the emphasis is on identifying as complete a set of relevant “struc-
tures” as possible that belong to the corresponding “ome”. The original “omes”,
such as the genome, originated in molecular biology, where the relevant structures,
such as genes, proteins, RNA transcripts and metabolites, are all molecules, and as
such we can think of the corresponding omes as all being micro-omes. In the context
of these micro-omes, the natural mathematical framework for understanding struc-
ture and interactions has been that of a network, where the nodes are structures and
the links represent interactions. The information needed to construct such an “ome”,
as representing a totality of structures, is enormous, and has required the develop-
ment of advanced technologies, such as high-throughput sequencing and capillary
electrophoresis mass spectrometry in the case of bioinformatics [2].

Through a physicist’s eyes, this “omic” approach seems no different in spirit to
the traditional approaches to be found in physics and chemistry. The Periodic Table
is, in that sense, the “atom-ome”, the complete set of relevant structures at the atomic
level. There is also an “elementary particle-ome” and a “moleculome”. Indeed, the
“omes” of molecular biology should be subsets of this moleculome. Although it
is important to be able to identify the set of relevant structures, or the “building
blocks”, that form an “ome”, this difficulty pales in comparison to identifying the
complete set of interactions between these structures. The Periodic Table gives us
the totality of atomic structures but certainly not the totality of atomic interactions.
Thus, the set of possible molecules is much larger than the set of possible atoms.
Additionally, interactions are manifestly contextual, meaning that the interaction be-
tween two structures is intimately dependent on the context of the environment they
are in. For example, the interactions between two carbon atoms are quite different
if they are in different DNA molecules versus the same one, or close versus distant
in the DNA molecule, or within a chromatin complex or not.

Another way to put this is that: understanding interactions at one scale is no guar-
antee that we can understand interactions at another. Thus, just as an understanding
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of atomic physics does not a priori allow for a quantitative, predictive understanding
of molecular physics, as molecules are emergent structures relative to atoms, so an
understanding of the genome “gene by gene” does not a priori allow for a quanti-
tative, predictive understanding of what the genome does or, indeed, even what a
small set of genes do, due to the presence of genetic interactions (epistasis) [4]. The
difficulty of relating structures at one scale to emergent structures at another is one
of the most difficult problems in science. Exceedingly difficult in physics, while in
the biological sciences it is almost overwhelming. In physics there are several the-
oretical frameworks that encompass passing from the micro to the macro, the link
between statistical mechanics and thermodynamics being the most developed. At a
more general level, synergistics [3] has been applied to both physical and biologi-
cal systems and attempts to delineate generic features and general principles, such
as self-organisation and the existence of a relatively small number of order param-
eters, that lead to a description of the macro from the micro. The standard omic
approach, in contrast, is more directly phenomenological in nature. Moreover, the
current molecular omes are also associated with a particular type of structure: genes
with the genome and proteins with the proteome. However, genes and proteins also
interact with each other in a complex fashion, from the production of proteins by
the transcription of DNA through proteins as transcription factors that control gene
expression.

2 Disease-omes: relating the micro to the macro

Although the “omic” approach has its origins in the micro, recently the idea has
been extended to more macro “omes”, such as the physiolome [5, 6, 7, 8], where
the relevant structures, such as organs or tissues, are much fewer in number. In this
case, a network-based approach can naturally be applied and different interaction
measures introduced, such as the degree of correlation in the time series of the dif-
ferent organs such as lung and heart. Like the genome however, the physiolome is
associated with particular spatial and temporal scales that stem from the physical
structures it considers. Thus, although a goal of the omic approach is to be less re-
ductionist, the current omes are all very much linked to a certain scale. However, a
true hallmark of complexity - of living systems - is its multi-scale nature, with rele-
vant structures at many different scales. Thus, for instance, the heart, thought of as a
physiological unit, has multiple associated spatial and temporal scales: the cellular
scale, where pacemaker cells set the underlying heart rate, to circadian variations
in the functioning of the heart at the cellular level [9], and on to the long term irre-
versible changes across a lifetime that are associated with heart disease. In this case,
what we do at the macro scale, such as eating a lot of high-cholesterol foods, has
an effect at the cellular level, leading, for example, to atherosclerosis which, in turn,
has an effect at the macro level, where an artery becomes blocked, leading to a my-
ocardial infarction. However, myocardial infarction itself has also been confirmed
to have a genetic component [10], which then introduces a scale below the cellular
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level, that of a single nucleotide. Unfortunately, as with many genetic studies, the
causal chain that links the observed correlation between a micro property, such as
a particular SIngle-nucleotide polymorphism (SNP), and a macro property, such as
atherosclerosis and a subsequent myocardial infarction, is very poorly understood.
Of course, the cellular level must enter as a relevant scale that links the two.

Thus, we are faced with one of the principal challenges of describing truly com-
plex phenomena: the ability to incorporate structures, and their interactions, that
exist at multiple scales. In other words, a micro-level molecular “ome” is in no way
sufficient to encompass an important phenomenon such as atherosclerosis. How-
ever, neither is a “meso” ome, such as the physiolome, due to the need to incor-
porate micro factors such as SNPs. The challenge does not stop there, however.
If we consider long term changes in heart structure and function, then two other
principal categories of factor enter: aging and “lifestyle”, which are the remit of
macro-disciplines, such as epidemiology. Studying the disease can be done “bottom
up” - trying to link macro effects, such as the clinical manifestations of disease, to
the micro [11]. Indeed, much of the focus of the micro-omes has been to link macro-
scopic disease states to genomic, proteomic, transcriptomic and metabolomic data.
In this case, the abstract mathematical framework is that of a conditional probabil-
ity, P(disease state|state o f the genome, proteome, metabolome etc). The more
conventional approach to disease prediction however has been “top down”, linking
the disease state to macro-variables such as age, sex, socio-economic status etc. A
disease state however, is a complex multi-scale phenomenon, requiring a unification
of the bottom-up and top down approaches, as in biological systems the micro and
macro are linked and influence each other in a much deeper way than in physical
systems. For instance, aging sounds simple enough to account for, but, as is known,
chronological age and biological age are not the same, with the latter also having a
genetic component. They are also linked by lifestyle, by which we mean the universe
of external factors that affect the organism at multiple scales, from the genetic via,
for example, environment-induced mutations, to the truly macro, such as the degree
to which the environment itself favours the development of heart disease through,
for example, diet. In contrast, in physics, with a nucleome, atomome, moleculome
etc. we don’t need the nucleome to understand the atomome. “Atomomics” can be
developed in terms of structures - atoms - and their interactions without reference
to the nucleome and its constituents - nucleons - and their interactions - the strong
nuclear force.

We see then that if we wish to understand a phenomenon, such as heart disease,
“omically”, i.e., in the sense of a more holistic, non-reductionist perspective, it is
necessary to go beyond an “ome” that is linked to a particular range of scales, as
each only offers at most a partial view of the phenomenon. So, should we introduce
the concept of a “myocardial infarction-ome”? where it comprehends all the fac-
tors that influence that outcome? This potentially involves the genome, proteome,
metabolome, physiolome and several other omes that are still to be characterized,
such as a “sociolome” or a “psycholome”. However, at the same time the genome
is linked to many more macro phenomenon than that of a myocardial infarction.
Many, if not all diseases, have a genetic component. To try and be more precise:
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imagine a set of diseases, (C1,C2, . . . ,Cm), and a set of factors, (X1,X2, . . . ,XN),
that are potentially related to those diseases. These factors include genetic factors,
epigenetic factors, physiological factors, social factors etc. However, considering
the effect of all possible causative factors on the set of all known diseases is not
a recipe for success. We can group the totality of factors in a particular disease-
ome in groups - genes/SNPs, proteins, metabolites, cell structures, tissue and organ
changes, lifestyle factors etc. In this way however, we are faced with the perennial
question of causation versus correlation. Is a SNP a “direct” cause of a disease or a
correlative, indirect risk factor? Is socio-economic status a direct causal factor in the
development of heart disease or a proxy for, potentially, many other more directly
causal factors? What about diet? More directly causal? Then we have the fact that
the impact of diet is influenced by the genome - nutrigenetics - while diet, in turn,
affects gene expression - nutrigenomics. Life is complex. Literally. Nature affects
nurture and nurture affects nature.

We argue then that the standard “omic” approach is still too reductionist to com-
prehend a complex phenomenon such as a disease, which is associated with struc-
tures and their interactions at multiple scales and where the interactions can be be-
tween structures that are naturally described at quite different scales. Although a
network-based approach can be applied at the level of the disease-ome, by consid-
ering multiple diseases, for example, the natural framework for a given disease is,
again, a conditional probability: P(C = disease|X= disease causes and risk f actors)
where, for example, C could be a disease state and X the set of factors that we wish
to consider as conditioning factors on the probability to be in the disease state. Nat-
urally, the data requirements to construct P(C|X) are far greater than those of the
micro-omes, where the latter are just one component of the disease-ome and, gener-
ically, not even the most predictive part. Furthermore, due to the multi-scale nature
of the disease-ome, its construction through data has to transcend the disciplinarity
that still exists as the principle foundation of scientific research.

Mathematically speaking, the disease-ome, P(C|X), is a prediction model. Such
a prediction model may be transverse or longitudinal, depending on whether or not
C and X can be identified as states in time. For example, that C represents the devel-
opment of a disease in a certain time interval and X represents the set of predictor
variables identified in that time interval (transverse), or that they represent histories
up to the beginning of that time interval (longitudinal). Of course, when X is high
dimensional, a direct estimate of P(C|X) is impossible, as P(C|X) = 0, 1; i.e., every
element is unique and either exists in a single element or doesn’t. For example, no
two genomes are completely identical, and the vast majority of potential genetic se-
quences of length ` - 4` - have never existed and probably never will. Thus, P(C|X)
must be estimated indirectly. There are, for instance, many machine learning based
methodologies that can help in this regard. Seen abstractly, P(C|X) represents a
Bayesian belief network, where, in principle, if one could deduce its structure as
a directed acylic graph would reveal the probabilistic relations between the differ-
ent variables Xi, both among themselves and with the disease state itself. The goal
would be to determine that graph that is most in accord with data. Unfortunately,
computationally, this is an NP hard problem. Rather than search through a large
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space of potential graphs, an alternative is to restrict the topology of the graphs. A
particularly useful approximation in this regard is the Naive Bayes approximation,
or generalisations thereof [12], that use Bayes theorem to relate the posterior prob-
ability P(C|X) to a likelihood P(X|C), then assume independence of the features,
Xi. In this approximation P(X|C) = ∏

N
i=1 P(Xi|C) and so the contribution, P(Xi|C),

to the disease from each factor can be calculated observationally and studied sepa-
rately.

3 Omes from an Ecological perspective

An ecological analogy may help intuit the difference between the two types of
“ome”. The traditional molecular “omes” are akin to an ecological community,
where one is interested in the mutual interactions between all the structures in the
system. In ecology these are typically species. The construction of a disease-ome,
on the other hand, is more akin to the construction of an ecological niche, where,
now, the disease itself is seen as a “species”, as those factors that favour a high
value for P(C|X), relative, say, to a null hypothesis, P(C), can be viewed as be-
ing niche-like, favouring the presence of the disease, C, while low values relative
to the null hypothesis are anti-niche-like, favouring the absence of the disease. In
this context, taking type 2 diabetes as an example, a niche factor may be the pres-
ence of a disease-related SNP, such as rs8050136 [13], as may be the consumption
of carbonated drinks, or the price of carbonated drinks, or educational status, or
hours of exercise, or age, or knowledge of the health consequences of diabetes or
the health consequences of consumption of sugary foods, or a seemingly endless
array of other factors. Unlike the human genome project there is, to our knowledge,
no diabetes-ome project, where the goal is to obtain and integrate the multi-scale,
multi-discipline data that begins to represent the totality of factors that affect the
development of type 2 diabetes. Project 42, developed at the Centro de Ciencias de
la Complejidad of the UNAM is a step in that direction in the context of obesity and
metabolic disease. With over 3000 participants and several thousand variables, from
a spectrum of previously identified SNPs for risk of obesity and metabolic disease,
through demographic data, personal and family history, an ample set of biomark-
ers, anthropometric measurements, health knowledge, psychometrics, social char-
acteristics, actigraphy and habits; all in a publicly available platform for analysis.
The challenge of such data sets is to go beyond a static, statistical description to a
process-oriented causal characterisation. Besides the right mathematical tools, this
also requires domain-specific knowledge that spans multiple disciplines. The ex-
ample of genetics affecting the impact of diet and diet affecting the expression of
genes, while diet itself is a result of consumption and the consequence of a large
number of other factors, from family environment to culture and mass marketing
campaigns, speaks to the huge challenges of constructing a more process-oriented
framework. Even just discovering the true underlying causal connections between,
say, obesity and a single proxy variable such as educational level presents enormous
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challenges. Thus, the construction of P(C|X) via some suitable algorithm is just a
first necessary step.

An advantage of a Bayesian framework for developing the disease-ome is that,
based on a set of factors - “niche” dimensions - X, it can be naturally extended by
incorporating new information, such as new variables X′. In this case, the poste-
rior probability, P(C|X), relative to the prior probability, P(C), in the absence of
the information X can, in its turn, be taken as a new prior probability and a new
posterior probability, P(C|X′X), that incorporates information from both X and X′
constructed using Bayes theorem: P(C|X′X) = P(X′|CX)P(C|X)/P(X′|X). Again,
P(X′|CX) can then be estimated using one of several Machine Learning method-
ologies. Dynamics can be incorporated by considering X ≡ X(t), where the state
vector X(t) may also contain historical information. For instance, X(t) may contain
information about someone’s historical activity level such as: actual activity level,
activity level one year ago, activity level two years ago etc. [14]. Prediction in time
follows naturally from considering the estimation of P(C(t)|X(t ′)), where t ′ < t.
Thus, we may predict the probability for a disease state to occur at time t given
the disease niche at t ′. An example would be predicting if someone would become
diabetic in a certain year given their disease-ome in previous years.

4 The Conductome

A process-oriented perspective requires us to think in terms of temporal develop-
ment - of change. In the case of living systems, change is most naturally thought of
in terms of behaviour. It is behaviour that naturally links cause and effect, with be-
haviour being the natural response - effect - to external or internal stimuli - causes.
Indeed, one may argue that it is the sole medium by which organisms interact with
their environment, including with other organisms. It is clear that our genome codes
not only the physical structures of an organism but also what they do, up to the
collective behaviour of the organism as a whole, and beyond, to the collectivity of
groups of individuals. However, it should be equally clear that behaviour leaves an
imprint on the genome. To a large degree, the survival of an organism in its environ-
ment is associated with what it does. A behaviour that is apt for a given environment
will be propagated, genetically, if it has at least a partial genetic origin, or culturally.

The majority of, if not all, biologically relevant behaviours, such as sleeping,
eating, reproducing, evading predators, are linked to clocks and underlying physical
rhythms, such as the circadian rhythm, and are biological responses to fundamental
properties of the earth’s motion in space and time. These rhythms are a fundamental
part of the niche of almost all living organisms. Thus, we would argue, that it is be-
haviour that is the most natural link between the micro-omes, such as the genome,
and more macro-omes, that are proxied by those variables that are the area of in-
terest of disciplines such as epidemiology, sociology and psychology. Behaviour
is both caused by genetic structures and functions and, in turn, leads to changes
in those structures and functions. In the omic spirit we have posited the “Conduc-
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tome”1 - the totality of behaviours of an organism and the causative factors asso-
ciated with them - as the most comprehensive link between micro-omes, such as
the genome, and macro-omes. As with the micro-omes, the Conductome can be ap-
proached using Complex Networks by, for instance, considering the “interactions”
between different behaviours, as well as their links to other factors. Similarly, they
may be considered, in analogy with a disease-ome, in terms of a probability func-
tion, P(C|X), where C is the behaviour of interest and X the set of corresponding
factors linked to or predictive of C.

Like many deep concepts, behaviour is difficult to characterise precisely. Take as
an example, thermoregulation in mammals [15]. Mammals have different responses
to external temperature. A human may sweat or may take off a coat. An elephant
may flap its ears while a dog may pant. Should we classify ear flapping, panting and
coat removal as behavioural adaptations and sweating as a physiological adaptation?
Sweating and panting are both controlled by the autonomic nervous system [16, 17].
What about taking off a coat? We would argue that a more general and appropriate
characterisation of behaviour, such as “the internally coordinated responses (actions
or inactions) of whole living organisms (individuals or groups) to internal and/or
external stimuli” [18] would naturally classify them all as behaviours. What about
eating? Is eating more like sweating or taking off a coat? Both, of course. There is
a basal mechanism for generating the urge to eat that comes from the autonomic
nervous system [19]. This is a natural view from a biological perspective. However,
there is much debate about just how “automatic” eating is [20], that is linked to
polemical issues such as “fat shaming” and free will [21]. Clearly, as a fundamental
necessity of life, the desire to seek and obtain food is pre-programed genetically.
However, what about: what we eat? how much we eat? when we eat? where we
eat? etc. When we eat, for instance, is associated now with an entire field of study
- chrononutrition [22], while there is ample evidence that certain food preferences,
such as fatty and sugary foods [23] have a neurobiological link [24]. How much we
eat - portion size - is another dimension that has a strong psychological and social
component, if not a direct biological one.

Although there exist ontologies of behaviour, such as the Neuro Behaviour On-
tology [25], food consumption offers a good example of the complexity of classi-
fying behaviour. We may consider food consumption as a behaviour as a class to
be predicted. Obviously the simple class C = f ood consumption = Y ES/NO is not
useful, as all humans must consume food. Indeed there are a set of underlying basal
behaviours that are intimately associated with the fundamental properties of life,
such as homeostasis, metabolism, reproduction and adaptation to the environment.
Food consumption is vital for metabolic processes and to maintain homeostasis.
However, beyond the pure classification of consumption = YES/NO, we may con-
struct a multitude of classes of interest following the discussion above. For instance,
C may represent overconsumption, as defined with respect to some baseline null
hypothesis, consumption of a certain food type, consumption as classified through

1 The Conductome was introduced in the international workshop “The Human Conductome: A
New Paradigm for Understanding Obesity? in the C3 ? Centro de Ciencias de la Complejidad,
UNAM 29-30th November 2018.
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portion size, consumption by eating times, consumption by frequency, consumption
by place or, indeed, any and all combinations of the above, and more. By consid-
ering different classes we may determine the degree of heterogeneity associated
with these classes/behaviours. The set of predictors, X - genetic, epigenetic, physi-
ological, psychological, social - then represent the Conductome for that behaviour.
Project 42, alluded to above, is, in this sense, an attempt to construct a set of vari-
ables across multiple scales that may begin to approximate in certain dimensions
a Conductome for those behaviours - overconsumption and sedentariness - that are
particularly related to obesity and metabolic disease. Additionally, if we do not have
direct observations of a particular behaviour, we may imagine constructing a Con-
ductome indirectly, by taking as a class C a physiological state, such as obesity or
hypertriglyceridemia, that we hypothesise that is correlated with a behaviour of in-
terest, such as overconsumption of food. Of course, when speaking of behaviour,
there is a natural structural element - the central nervous system and its description
at multiple spatial scales, from the cellular to the cortical - that must be included
as an intermediary between the causes of behaviour and the consequences of be-
haviour. In this sense a “neurome” will be an essential element in understanding the
link between cause and consequence and back again.

As a final reflection, although the workshop focused on physiological rhythms
- periodic and periodic-like processes in human physiology - many life processes
and corresponding behaviours are not periodic. Such periodicity is particularly rel-
evant when we consider those short time intervals that are dominated by the earth’s
principal spatio-temporal rhythms: day, month or season, and is naturally linked to
reversibility, if one thinks of returning to an initial state. However, life and its asso-
ciated behaviours have a cost. Although one may analyse such costs in much more
sophisticated terms - of information, entropy and free energy [26] - for present pur-
poses one can think of the costs in terms of “wear and tear”. Life inevitably leads to
wear and tear, and this can be measured along two principle dimensions - temporal
extent and rate. All else being equal, a human of 50 years of age will exhibit more
wear and tear than a human of 20 years of age [27, 28]. Similarly, twenty years
of chronic stress and inflammation due to morbid obesity will be associated with
a much higher rate of wear and tear than twenty years of abstemious living. Wear
and tear at the physiological level is a result of behaviour. Organisms must feed,
organisms must reproduce, organisms must survive in an uncertain environment.
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