


\I\Ietworkqepresentation

of comph\systems

¢ 1) Physical networks
¢ 2) Functional networks

¢ 3) Parenclitic networks




Physical Networks are those where nodes and links can
be directly extracted from the structure of interactions
among the constituents of the system.
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. social relationship
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SCIENCE CITATION INDEX

Nodes papers
Links: citations
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FOOD

Food Web of Smallmouth Bass
Leech Little Rock Lake (Cannibal)
¥

1st Tropic Level .-—-V./
Mostly Phytoplankton 2nd Trophic Level
Many Zooplankton

R.J. Williams, N.D. Martinez Nature (2000)


http://online.sfsu.edu/~webhead/lrlbest.jpg

people (Females; Males) sexual
relationships

= 10

4781 Swedes; 18-74:

59% response rate.

o Females
& Males

Cumulative distribution, P(k__,

10° 10°
Total number of partners, k,



Functional Networks are those where links quantify
correlation In multivariate time series analysis.

Best
classification
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See: Nature Scientific Reports 2, 630 (2012)







Synchrogram
(stroboscopic view)
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BUT......

There are thousands and usands of relevant cases
where either data are the static expressions of sets of
variables/features.....

BLOOD TESTS
GENETIC EXPRESSIONS
METABOLIC DATA

..... or the time resolution is not satisfactory
fMRI

Evolution of National economies...

How can one obtain a proper network representatio
such datasets? And...., what is good for?



Parenclitic Networks....
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Leukippos Democritus Epicurus
(Mileto, V century a.C.)  (Abdera, 460-360a.C.)  (Samo 341-Athen

. At ~

Ilepi pvoemg
:I esssss———) De rerum natura

P :
/ Titus Lucretius Carus
(Pompei 94 —-Roma 50 a.C)




Parenclisis (rrapéykAioig), Clinamen,
and the “unpredictable swerve'....

According to Lucretius:

“When atoms move straight down through:the void by their
own weight, they deflect a bit in space at a quite uncertain
time and in uncertain places, just enough that you could say
that their motion has changed. But if they were not Inthe
habit of swerving, they would all fall straight down through
the depths of the void, like drops of rain, and no collision
would occur, nor would any blow be produced among'the
atoms. In that case, nature would never have produced
anything.”

This indeterminacy provides the "‘free will which living
things throughout the world have ~



A set of n systems, or subjects {s,, S,...,S.}, each one
associated to one of m classes {c,, C,,...,C}

Example: each system is a person, classified as healthy (or control)

In turn, each system 1 is identified by a vector of p features
fi=(f, f,...,f'), i.e.apointina p-dimensional space.

The fundamental ansatz is that each class corresponds to a

In the feature space. In general, there
will be m different set of constraints, one for each'of the
m classes, defining a MULTILAYER network.



1) Parenclitic n K representation is based on all possible bi-

F; (Fi, £;)=0.
All projected constraints (local models) can be ob

ways: polynomial fit, data mining methods as Su
Machine or Artificial Neural Networks, etc...

3) A unlabeled subject is then characterized by its position
plane, and by its distance from the derived model. T
between nodes | and j quantifies the deviation (parenclisis) ,
I-] space, between the subject under analysis and the calcu
projection function.



Parenclitic network reconstruction

Original data-set

Subject | | Subject 2 | Subject 3

Label Healthy Healthy Healthy
Feature | 0.435 0.532 0.635
Feature 2 0.332 0.827 0518
Feature 3 0.342 0.927 0.381

Feature |

Feature 2
C)

Projected functions
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Manifolds in the full
features’ space
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Feature |

. Feature 3
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Early diagnosis M
- metabotites an
of obstructive nephropathy (ON) 834 requlators
(microRNAs) from 10
ON patients and a 10-
member control group.
For each metabolite (or
regulator) a parenclitic
network is constructed
embodying how far
every other,metabolite
(or regulator) deviated
from its'statistically
expected correlation.
Control group
networks had
amorphous topologies,
whereas ON networks
had star-like topologies
centered on the most
abnormal metabalite
or regulator.

See: Chaos 21, 033103 (2011), and Physics Today 64, 20 (2011)

Control




Expression levels of genes of the Arabidopsis thaliana
under-osmotic stress
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Ranking

Gene Centrality

5 minutes

Ranking | Gene

1 hour

Centrality

AT5G04340 | 1

AT2G 17040 | 0.892558
AT1G13300 | 0.88111
AT5G51910 | 0.729679

AT1G07520 | 0.7176

AT5G18090

AT5G16560

AT4G14410

AT4G36930

AT2G23290

1

0.956474

0.896794

0.857808

0.785677

10 minutes
AT1G44830 . 1
AT1G43950 | 0.556858
AT5G60470 | 0.443326
AT2G22300 | 0.356115
AT3G59470 | 0.304019

30 minutes

2 hour

AT3G49760

AT5G07210

AT4G38340

AT4G09820

AT3G61910

6 hour

1

0.302456

0.300498

0.274155

0.264721

AT1G12610 | 1

AT2G02080 | 0.35273
AT3G47500 | 0.281975
AT2G46830 | 0.271497

AT1G76880 | 0.201452

AT2G28450

AT2G35430

AT1G09540

AT1G10170

AT5G35550

1

0.903528

0.709785

0.665937

0.648662

Table 1: Most central genes at different time steps.

13

Aim: identification
of relevant nodes (i.e., genes)

The more central is a node,
the more connections with
high weight it has,

and therefore,it frequently
shows a behaviordifferent
from the expected one:

We used a-centrality

If xi is the centrality
of the i-th node, then
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Application to fMRI data

Data consist of fMRI recordings of the temporal average of the oxygen consumption
(3 variables) of 12 subcortical regions. The total number of nodes is 36. Five types
of subjects are considered (representing different stages of the Alzheimer's disease
progression): control subjects (44), Amnesic MCI (30), Multidomain MCI (29),
Mild Alzheimer's (13) and normal Alzheimer's (48) patients.

Control subjects
Alzheimer
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1) We introduced a novel network representation of a set of pre-
labeled subjects that wunveils the. presence of reference
relationships between nodes. When the data corresponding to a
subject deviates from this reference situation,.links are created,
In a way that the resulting topology quantifies the distance of that
subject from the initially defined class(es).

In analogy to the spirit of the doctrine from Demaqcritushand
Epicurus, we call it the parenclitic network representation of a
system.

2) Potential applications include tissues and organic sample
analysis, like blood analysis or spectrography; genetic expression
levels of individuals, without evolution through time; biomedical
analysis like neuro-imaging techniques; or social network
analysis, when just a snapshot of the system evolution IS
available.
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